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Deep learning has found its way into the chemical sciences, and brought with it successes that have been 

observed in “traditional” applications such as computer vision and sentiment analysis.1–3 The integration of 

these methods into modern industry, pharma, and materials discovery makes it clear that the next generation 

of chemical and biological scientists and engineers will be operating at the intersection of data science and 

their respective fields. Unfortunately, nuances in these chemical systems mean that often methods leveraged 

in computer science applications are not out-of-the box translatable; expert knowledge is required to design 

a machine learning solution at the intersection of these fields.4–6 Here, this nuanced design process is 

detailed for two deep learning applications to the prediction of reaction rate constants, critical for 

understanding and design of reactive systems.7 Additionally, an optional learning event, designed to give 

undergraduate students an opportunity to learn and apply modern methods at this intersection, is detailed. 

Finally, work to leverage deep neural machine translation to improve protein thermal stability is presented, 

and the nuances highlighted. The translator has the ability to produce thermally stable variants of existing 

proteins or score already generated variants, allowing them to be leveraged at high temperatures where 

many proteins lose their applicability compared to other materials.8 
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INTRODUCTION 

Trailing the computational tech revolution has been a large-data, high-power explosion in 

algorithms enabled by these resources, namely machine learning.1 Extremely deep models that 

have become routine over the last decade have upturned both forward facing and back end tools 

throughout daily life. Trained machine learning (ML) models are guiding stock trading, driving 

targeted ads based on a user’s interest, automating surveillance through object and facial 

recognition, providing virtual assistance, analyzing healthcare data, among an uncountable pool of 

recent applications.9–12 Most recent ML successes are attributed modern “deep learning” (DL) 

methods. DL methods have also begun to become routine in the sciences; a number of exciting 

advances prove that there is headway to be made in leveraging modern DL for chemical, biological 

science and engineering applications. DL has been used for chemical property prediction in the 

discovery of lifesaving drugs, critical industrial processes, and revolutionary material discovery 

throughput, to name a few.13–18 Unfortunately the tools and methods used in “traditional” DL 

applications do not always translate out of the box - nuances associated with the subject matter 

must be built into the problem in order to produce a robust model.3,6 For example, deep learning 

has become integrated within the field of computational chemistry, however the ML solutions 

there have significant differences from architectures and strategies in e.g. computer vision.19 With 

advanced ML typically being taught or leveraged in Computer Science programs and roles, its 

intersection with chemistry and related fields calls for an important focus: practicing and teaching 

the decision making and design process for applying deep learning to chemical and biological 

systems. 

 At the core of any ML model is a goal centered around a subject, also called an example. 

It is of the utmost importance to define the subject and build in assumptions of the system in such 
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a way that it can be interpreted by the machine.5,20 ML models are not artificial general intelligence, 

they do not think or reason, they simply construct a complex system of mathematical operations 

that mindlessly optimize a goal function. A failure to capture nuances in the design problem can 

be detrimental. Due to this, the construction and interpretation of a deep learning problem can be 

a monumental task with a myriad of pitfalls. A failure to appropriately define the system of interest, 

or align the learning goal given to the model with the real world application goal leads to an 

unsuccessful model, or worse, one that we think is successful but crumbles in practice.4,21 This 

dissertation describes work both to exemplify and to teach the nuances at the intersection of 

machine learning and systems involving molecules.  

 In “METHODS BACKGROUND AND SPECIFICS” I aim to provide context and 

justification for specific methodology used in the following work. Readers not already comfortably 

familiar with deep learning, molecular systems, protein primary and tertiary structure, and 

bioinformatics tasks such as homology search can be selectively brought up to speed on the 

literature surrounding the fundamentals of preparing for deep learning on these systems. 

Following, the first chapter of this dissertation focuses on the design process and downstream 

analysis of a deep learning application to prediction of quantum reaction rate constants.22 These 

rate constants are necessary for the study and design of systems involving chemical reactions, such 

as reaction networks occurring in combustion, a product yielding industrial reactor, or distant 

galactic gas clouds.7,23–25 Here, DL was leveraged to predict rate constants with quantum accuracy 

and with less cost that rigorous ab initio calculations or experiment. A different set of DL models 

was created to predict molecular partition functions, including partition functions of unknown 

reaction intermediates.26 In conjunction with existing tools, these partition function models reduce 

the cost of estimating reaction rate constants (albeit without quantum accuracy) down to negligible. 
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In the second chapter, I discuss the creation and administration of an optional learning event for 

undergraduate chemical engineering students to advance their coding and data science.27 This work 

aimed to help fill the need for instruction at the intersection of machine learning and chemical 

sciences, mentioned above. Finally, in the third chapter I outline progress made to translate 

proteins into thermostable variants using neural machine translation (NMT). In this pursuit, a large 

and novel dataset was created.28 Proteins serve a swath of functionalities that we can leverage in 

our lives and processes, but can lose their abilities at high temperature.8,29,30 This work aimed to 

use deep learning to better design primary structure for thermal stability, to complement recent DL 

advances in protein engineering like predictors that can aid with directed evolution campaigns, or 

structure-to-sequence models that can produce sequences expected to achieve a target fold. Along 

with capturing general thermophilic trends in proteins, the model is able to target mutations, 

including insertions and deletions, that confer improved thermal stability. It proposes stabilizing 

mutations for the test case Engrailed Homeodomain (En-HD) of Drosophila melanogaster and 

qualitatively ranks existing variant libraries for acetyltransferase LovD and Lipase A. 
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METHODS BACKGROUND AND SPECIFICS 

Deep learning on molecular systems 

Training a deep learning model 

The supervised machine learning problem (SML) is defined as follows. For an example of 

interest, there is a relationship that relates some set of features X to a target (also called label) y:  

        𝑦 = 𝑓(𝑋) + 𝜖      (Eq. 0-1) 

Here, 𝜖 is noise on the target y unable to be captured by the features. An SML model seeks out an 

estimation of this relationship 𝑦) = 𝑓*(𝑋) such that 𝑓* ≈ 𝑓 and so predictions 𝑦) of the target are 

close to the actual value of the target. This estimator is advantageous when features are easily 

acquired and the target is difficult to determine, making the estimator an alternative to significant 

effort. There are many architectures, e.g. functional forms of 𝑓*, but each needs to be trained to 

capture the relationship between features and target, thus a set of data with known targets is 

required. This is typically the bottleneck in SML; estimators benefit from more data to learn from, 

but the effort that the model seeks to circumvent must be given for each example used to train the 

model. An estimator that is unable to capture the complexity of the true function and so predicts 

with high error is said to have high bias, whereas an estimator that is complex enough to pick up 

on the noise resulting in poor predictions for future examples (overfitting) is said to have high 

variance. An optimal SML model balances bias and variance, making low error predictions both 

for the data it was trained on as well as unseen examples. 
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The supervised machine learning problem can be attacked with a model architecture 

composed of artificial “neurons” wherein neurons are organized in layers and layers are 

interconnected, canonically referred to as a dense neural network (DNN) or multi-layer perceptron 

(MLP).31 A model with many layers of interconnected neurons is referred to as a DL model. While 

there are neuron-based model architectures that leverage mathematical operations that differ from 

the strict formulation of an MLP, such as graph networks and transformers, even these more 

complex architectures use MLPs as functional units. MLPs require a fixed length set of input 

features, which are mathematically transformed into one or more targets. A diagram of an MLP 

and its atomistic unit, the neuron, is shown in Figure 0-1. 

 

Figure 0-1: left) A small multi-layer perceptron with two input features x, followed by a hidden 
layer with 4 neurons, and another hidden layer with 2 neurons, and finally an output layer with 
one supervised target y. right) A single neuron conducts a linear operation on all outputs of the 
previous layer, a weighted sum with learned parameters w and b. The output a of the neuron is 
determined by applying a non-linear activation function σ to the linear portion of the neuron. 

 

 As MLPs grow deeper, they can capture arbitrarily complex functions,32 becoming 

unbiased. The values of the parameters (See Figure 0-1) within the model must be determined 

through training via gradient descent of the loss surface. The capability of the model is evaluated 

according to the loss function calculated for training data given to the model. Critically, this loss 

function is differentiable with respect to each parameter within the model, thus at any place on the 

loss surface, the loss gradient can be computed in order to update model parameters in the direction 
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of lower loss. The amount that the parameters change is attenuated by a scalar factor called the 

learning rate. Unfortunately, the number of parameters within the model grows as (𝑁!"# + 1)𝑁! 

for each layer of neurons 𝑖, where 𝑁! is the number of neurons in the layer. Thus, the dimensionality 

of the loss can become millions to billions as the model gets deeper and deeper, so the parameter 

optimization process can be extremely computationally intensive.33  All ML applications described 

in Chapters 1 and 3 are neural deep learning models. Models in Chapter 1 are DNNs, while models 

in Chapter 3 are Transformers, see “Attention based “transformers” for arbitrary sets”. 

 There are a number of tricks of the trade used in the pursuit of a fast parameter optimization 

towards an effective model with low bias and variance, some of which are summarized in Table 

0-1 below. Each of these methods involve choices made by the model developer called 

hyperparameters.  
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Table 0-1: Summary of techniques and their hyperparameters used to arrive at effective parameters for a deep learning 
model.34 

Technique Hyperparameters Description 

Mini-batch training batch size Update model parameters more 
frequently by using loss gradients 
computed for small batches of the 
training data 

Loss optimization Loss function, type of 
optimizer (eg. SGD, 
RMSProp, Adam), 
learning rate, momentum 
rates 

Method for determining how much and 
in what direction to change parameters 
on the loss surface, given the loss 
gradient 

Regularization Type (eg. L1, L2, 
dropout), strength 

Dampens overfitting of model parameters 

Normalization Type (data, layer, batch) Keeps neuron activations in regions of 
the activation function with high 
gradients, keeping the loss surface from 
plateauing 

 

The learning hyperparameters above (non-exhaustive) as well as architectural 

hyperparameters such as number of layers, layer width, activation functions used, among others, 

results in an extremely large hyperparameters space. Unfortunately, poor choices in these 

hyperparameters can make the difference between an effective, generalizable model and a useless 

one. In conjunction with the computational cost of training deep models, this means that finding 

the best hyperparameters (hyperparameter optimization or hyperopt) is an extremely time, 

compute, and carbon intensive process. The most basic strategy for finding effective values for M 

target hyperparameters is a search over an M dimensional grid, discretized with some granularity. 

This is a rigorous strategy, but does not address the energy and carbon cost problem of model 
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hyperopt at all. It is preferable to use informed sampling strategies,35,36 or evolutionary 

algorithms,37 for hyperopt, reducing carbon cost. Hyperparameter optimization/affect is discussed 

for each ML application presented in Chapters 1 and 3. There is also a significant recent push to 

estimate and report the carbon cost of machine learning training, both to highlight the cost of the 

rise of deep learning as well as inspire strategies to reduce it.38–40 This was done for the work 

described in Chapter 3. 

Self supervised pre-training 

As mentioned above, one of the bottlenecks of SML is the availability of labeled data. For 

some applications with large (>100k) and rich unlabeled data, schemes can be developed to learn 

the structure of the input examples in a self-supervised manner (SST). This generally looks like 

masking or hiding some random portion of each example, and optimizing parameters on a loss that 

measures the ability of the model to reconstruct the missing parts. Autoencoding is another 

strategy, where the model must compress and then reconstruct the input. SST has been shown to 

capture rich example structure, and the model can be used to create features for SML or directly 

“fine-tuned” for a downstream supervised task with increased performance over direct SML.41–44 

The pretrained “foundational” models can also, for some applications, provide zero-shot 

capabilities, e.g. effectiveness at a task without downstream fine tuning.45,46 A selection of 

examples where self-supervised learning techniques have created rich foundational models in 

chemistry and biology is given in Table 0-2  below.  

  



 19 

 

Table  0-2: Selection of self-supervised pretrained models for molecules and proteins. 

Model Input Example Structure Training 
Data 
Size 

Downstream Tasks 

MolGNet47 Molecular Connectivity 
Graph 

11 mil QSAR for drugs, small molecules 

ChemBERTa48 Molecular string (SMILES, 
SELFIES) 

77 mil QSAR for drugs, small molecules 

Vagrant49 Molecular string and 3D 
atomistic structure 

130 k QSAR and inverse design for 
drugs, small molecules 

ESM250 Protein Primary Structure 617 mil Binding, stability, activity 

ProtTrans 
(ProtBERT, 
ProtT5, etc.)41 

Protein Primary Structure 2.5 bil Binding, stability, activity 

STEPS51 Protein Primary + Tertiary 
Structure 

40 k Binding, stability, activity 

 

Nearly all highly successful pretrained models, including the ones above, are based on a 

transformer-like neural architecture that leverages an attention mechanism for arbitrarily sized sets 

representing a single example, and are trained on very large datasets. Refer to “Attention based 

“transformers” for arbitrary sets” for an overview of this architecture. SST foundational models 

are leveraged for all DL applications in Chapter 3. 

Representation of atoms, molecules, and reactions to the machine 

One of the largest hurdles with deep learning applied to molecular structure is the process of 

featurization. Inputs for neural layers must be fixed length vectors such that matrix operations can 

be conducted on them in a forward pass. Thus, either the molecule must be encoded as a fixed 
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length vector, or cleverly decomposed into units that can be. The featurization hyperparameter can 

be debilitating, as it defines the starting information available to the model; if the features given 

are not rich in information on the target, a deep learning model cannot create a reasonable 

relationship regardless of its complexity. Effective featurization methods has been a widely studied 

topic.7,52–54 This problem can be decomposed into two possibilities: one example is one molecule 

represented by atom connectivity without any resolution on atomistic positions, or one example 

has atomistic 3D resolution. The first is sufficient when the target of the model is a quantity that 

is an average over the ensemble of states available to the system, such as solubility. The second is 

necessary when the target is something that must be studied as a function of atomistic positions, 

such as molecular partition functions. A depiction of different encoding methods and models is 

given in Figure 0-2 and discussed following. 
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Figure 0-2: Overview of encoding and machine learning strategies for molecules. Molecules can be viewed by their 
connectivity, or by their 3D atomic resolution, impacting the methods of encoding. For both cases, fixed length feature 
vectors can be developed by expert design, such as physicochemical properties, bonding fingerprints, or distance 
matrix counts. These can then be given to traditional ML architectures. Both can also be decomposed into graph or 
cloud like representations, and neural operations that pass information among neighboring atoms can learn to encoding 
molecules without any human design, directly from the data. Fully interacting models that consider information from 
all atoms at pairwise or even higher order, such as E3NN, can operate directly on 3D space without decomposition 
into graphs. Finally, strings of the molecule like SELFIES can be considered for generative sequence models like 
canonical transformers, that treat all tokens (letters) in the sequence pairwise. 

For connectivity-based features, one often considers computing a vector of “descriptors,” 

which are generally human interpretable exact quantities about the structure such as molar mass 

or are estimates of properties such as polarizability. Descriptor techniques have been used for 

chemical property prediction for decades,13 and tools exist to rapidly produce large vectors of 

common descriptors.55 Alternatively, one can determine “fingerprint” based features, which are 

not as human interpretable but encode the molecular graph into graph distance counts centered 

around each atom in the structure. They have also seen heavy use in property prediction.56 Another 

option seeing recent focus is learned representations, which can be applied to both connectivity 

and 3D cases.57–61 Here, the molecule is decomposed into atoms, which are featurized by encoding 
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atom types, and operations over atom connections are used to produce a fixed length feature vector. 

For this strategy, atoms represent nodes in a graph and edges between nodes are bonds. Neural 

units then convolve information across edges in a process called “message passing.” Learned 

features are advantageous because the feature vector is part of the training task instead of designed 

by humans; the learned feature vector is produced specifically to best make predictions of 

downstream tasks. Unfortunately, this also means that a significant amount of data are required to 

also train the featurizer end-to-end with the predictor, so it is difficult to leverage for tasks 

involving small datasets.62 One may also leverage sequence-based models, canonical to natural 

language processing (NLP), to directly encode a molecular string like SELFIES.46,63 These learned 

featurizers also require significant data, and are typically used for tasks involving molecular 

generation.49,64–66 

For problems requiring 3D structure, there are a wide variety of methods, and learned 

representations have also been explored in this space. This is done by representing distances in 

graph edges and drawing edges between atoms that are not necessarily “bonded”. This is 

challenging because the number of edges in this case grows as N2 compared to the connectivity 

case above where the number of edges is approximately N. Given that each message passed is 

effectively a forward pass through a small MLP, and usually multiple messages are passed for each 

edge, this results in more than N2 times the cost compared to representing a molecule as a fixed 

vector and passing it to an MLP. In practice, this extreme expense means that edges are not drawn 

between very distant atoms, but this produces a challenge unique to the 3D problem: 

equivariance.67 It is possible that two different 3D structures map to the same graph if distances 

alone are considered. To circumvent this, clever modifications allowing message passing over 

higher order interactions to occur are required, such as the e3 equivariant neural network 
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framework.68,69 There are also many human designed featurization techniques for 3D structure 

including Coulomb Matrix,70 Autocorrelation functions,71 and EncodedBonds.72 These techniques 

necessarily involve encoding the distances between an arbitrary number of atoms of different types 

into a fixed length vector. 

Encoded Bonds, is effectively a histogram of atom distances of certain pairing types, and is 

leveraged in Chapter 1 (See section “Predictions of stable and transition state partition functions”). 

For example, one of the resulting features using encoded bonds may be “number of carbon-

nitrogen distances between 2.0 and 2.2 Angstrom”. This is advantageous over something like a 

coulombic interaction matrix as it does not require padding the feature vector with zeros, known 

to have a negative effect on learning, yet the size of the system is still inherently captured by the 

bin heights.72 

In order to represent reactions, multiple molecular representations can be combined either 

by concatenation or subtraction. For example, the modeling of reaction energy prediction can be 

done by using features both from stable reactants and stable products.20,73 One can also consider 

using features associated with intermediate structures, the energy barrier separating reactants and 

products, or graph representations of the entire reaction.22,60,73,74 Features are engineered for 

reaction barriers in Chapter 1, see “Creating a dataset of hypothetical quantum rate constants”. 

Representation of protein primary and tertiary structure 

Proteins have been the subject of supervised machine learning tasks for decades. Major 

topics include activity prediction, binding affinity, stability, and both the forward and reverse 

protein 3D structure engineering problem.75,76 Much like small molecule systems (see section 

“Representation of atoms, molecules, and reactions to the machine”) a protein can be represented 
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to a ML model starting from the 3D structure, or the bonding graph, which in this case is a linear 

sequence of amino acids. A depiction of different strategies is given in Figure 0-3. The 3D case 

can be treated identically to the 3D case of molecular systems - distances and atom and/or residue 

types are encoded into a fixed length distance map, or a representation is learned by equivariant 

neural networks which leverage an attention mechanism to embed structural context. There is some 

variability in resolutions considered here, one can model just alpha and beta carbon atoms and side 

chain, or all atoms. In the case of primary sequence, proteins differ somewhat from small molecular 

systems. One can still compute a vector of descriptors or fingerprints describing the protein such 

as k-mer embeddings or amino acid properties, however as opposed to graph based message 

passing, learned representations for proteins have been developed by leveraging techniques 

directly from natural language processing.41,77,78 
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Figure 0-3: Overview of encoding and machine learning strategies for proteins. Proteins can be viewed by their 
primary or tertiary structure, impacting the methods of encoding. For both cases, fixed length feature vectors can be 
developed by expert design, such as solvent accessible surface area, percentage of buried residues and other structure 
features, counts of protein k-mers, and aggregation over amino acid properties. These can then be given to traditional 
ML architectures. Tertiary structure can also be embedded by message passing over e.g. bonds, neighbor atoms, or 
neighbor residues, up to fully equivariant 3D neural networks. Language models such as LSTM or transformers can 
be used to embed primary structure. Note that often methods will modularly combine strategies, e.g. to use a language 
model on amino acids, amino acid types, and combine the results with protein or organism level properties like amino 
acid compositions and environmental conditions. 

Much like a sentence or paragraph can be decomposed into word or sub-word tokens from 

a fixed vocabulary, primary amino acid sequence can be decomposed into amino acid tokens, and 

transformer architecture seen in NLP can be directly applied. In this case, each of the 20 amino 

acids are assigned a one-hot embedding on a length 20 vector, and the resulting l x 20 matrix can 

be positionally embedded and passed into a standard transformer-based model. Note the encoding 

may be longer than 20 in order to accommodate additional tokens like stop and start, and in some 

instances, developers have chosen to assign rare amino acids (U, O) to the same token.41 There are 

subtle differences to the protein language as to a written one, for example the vocabulary is ~20 

amino acids as opposed to thousands of letters and the “sentence” length can be hundreds of amino 
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acids as opposed to dozens of words. This does have a minor effect on the model, for instance the 

longer sentence length adds to the memory required to input data, generally limiting training batch 

size. Regardless, treating primary sequence as a natural language problem is clearly viable with 

modern attention-based architectures, and is leveraged in Chapter 3 for all ML applications. 

Data splitting for effective evaluation of trained models 

In ML it is necessary to reserve a set of data to be held out to final model evaluation, as an 

approximation of how well the model will perform on future examples, which is the primary goal 

of a ML model. Critically, this test set of data must not contain examples or information from the 

data that is seen by the model, referred to as the development set.79 A model with low bias that can 

effectively learn from the development data is likely to overfit, and do poorly on future examples, 

which can be caught using a properly designed test set: a model that is overfit will perform poorly 

on the test set since the data were not seen during the training process. When the test set is 

compromised with dev set information, it is referred to as data leakage and any claims made about 

the model performance are invalid.80 To ensure that the test data is a rigorous evaluation of the 

model goal, it is extremely important to take care in this splitting process. 

A very common strategy is to randomly split examples in a dataset into development and 

test. This ensures that no one example exists in both datasets, assuming the initial data was unique, 

but it does not prevent more insidious forms of data leakage. For example, if one’s goal is to make 

predictions about the properties of molecules, and the test data contains molecules whose 

molecular structure is highly similar to training data, then the test set may not be a quality indicator 

of prediction capability on new molecules. Random splitting is not sufficient when the canonical 

ML assumption that the data are Independent and Identically distributed (IID) does not hold. A 
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rigorous split necessitates expert knowledge of the data space. A few of the data splitting strategies 

leveraged across molecular scale-domains in this work are described below. 

For systems that make predictions involving molecules, such as quantitative structure-

activity predictors or kinetic predictors, a good portion of predictive capability can be captured by 

simple physicochemical properties, for which very similar molecules exhibit very similar 

properties.81 For this reason, a model that has seen  Benzyl chloride would likely perform very well 

on Benzyl bromide, simply by virtue of having seen the actual experimental/measured value for a 

nearly identical molecule. This is a poor indicator of how well the model would perform on more 

distant molecular systems, e.g. linear Alkanes. A more rigorous approach to splitting this type of 

data is based on the molecular scaffold,82 ensuring that test and development sets do not contain 

data with the same carbon backbone structure. Specifically, every small molecule in the dataset is 

grouped by its Murcko carbon scaffold. Groups remain together for data splitting such that no 

single scaffold will occur across train/test splits or data folds. This strategy is leveraged for 

partition function prediction (reactant used when considering reactions) in Chapter 1. 

For systems that operate on protein amino acid sequence, a few rigorous strategies are used 

in Chapter 3. The strategy used is dependent on the protein task at hand, but in some cases is 

extremely critical, as the IID assumption does not hold due to evolutionary relationships and vast 

regions of empty protein space.83 For example, it is known that amino acid distributions leveraged 

by an organism are dependent on the environment and evolutionary history; this distribution alone 

has some predictive power over a protein’s source organism.84 For the model trained to predict 

host organism growth temperature from sequence alone, discussed in Chapter 3, this is a 

detrimental attribute as it allows the model to learn a relationship between sequence and organism 

instead of sequence and temperature, then memorize which organisms occur at which temperature. 
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For this reason, a strategy leveraged here is to split by the source organism.85 One might also split 

proteins temporally, where novel contributions to a database are held out and older ones used for 

training. This is true for the task of structure prediction with e.g. the CASP or CAMEO hold out 

sets, though they apply some additional filtering.86 For tasks that are protein specific, e.g. fitness 

landscapes around a starting protein where random mutagenesis or recombination of natural 

sequences is used, random splitting is perfectly rigorous, or sometimes splitting based on natural 

vs designed sequence.87,88 For tasks that involve a general capability across diverse protein 

families/folds, splitting becomes significantly more difficult. For example, proteins with >50%id 

often have same-or-similar function, yet there are plenty of cases where protein pairs with <30%id 

retain the same function.89,90 Often we consider sequence homology instead of identity when 

comparing homologs, which is a better metric for remote evolutionary distance. Yet here as well, 

one might have close homologs with different functions or distant ones with the same function. 

Protein functional/similarity is highly diffuse and continuous; it is not possible to draw perfect 

discrete barriers over protein space. Due to this, there is no perfect or otherwise standard splitting 

strategy for protein sequences that guarantees proteins across splits contain zero mutual 

information available in the literature. This is also undesirable, as information of evolutionary 

history is rich and can help make effective models.91,92 Yet, it is still desirable to split proteins with 

some amount of rigor such that models cannot perform well on test sets by memorizing examples. 

Common strategies all involve applying some sort of similarity metric to pairwise proteins, and 

constructing clusters of similar proteins.83,86,93,94 Sequence identities of 30-50%, UniProt cluster 

labels, and alignment E-values of about 1e-4 have been used in the past. If possible, more sensitive 

hidden Markov model (HMM) scans are considered more rigorous than sequence identity.95 

Sequence identity is leveraged for NMT dataset creation in Chapter 3 due to the cost of creating 
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multiple sequence alignments (MSAs) for the novel dataset used. Clusters are kept together during 

data splitting, approximating a split on the protein family, superfamily, or subfamily, depending 

on the method.  

Another form of data leakage is the use of testing data during hyperparameter optimization.80 

If capability metrics on the test set are used to optimize the model architecture, then naturally the 

model will perform well on that particular test set, but is not necessarily evidence of a model 

accurate on new examples. For this reason, the development set is further split into training and 

validation sets using the same splitting strategies as above. The training set is used for determining 

model parameters, while the validation set is used to score model capability on new data. Thus, 

the validation data is an approximation of test set performance, which is itself an approximation 

of future performance. The validation data is then used to guide hyperparameter optimization 

without incorporating data from the test set. The gold standard validation strategy is to split the 

development set up into K folds, as opposed to a single train-validation split. K models are then 

trained, each using one data fold as validation and the remaining development data as training. 

Validation scores of the K models are averaged. This strategy prevents bias in a single validation 

set from misguiding hyperparameter search, but also requires approximately K times the 

computational cost.5 Typically, the number of folds is 5 or 10 when the training cost of the model 

allows, but sometimes the model is too large to conduct multi-fold validation considering the cost 

of model training.33 K-fold validation is leveraged in Chapter 1, where the ML models are small 

enough to incur the computational cost. 
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Attention based “transformers” for arbitrary sets 

 Transformer based neural networks have seen recent success in a variety of applications, 

originally applied to the field of neural machine translation.96,97 While there are many variations 

of transformers, they all are composed of MLP units and rely on a neural mechanism coined 

“attention.” Attention as a method is not unique to transformers; attention is often used to weigh 

message passing in learned molecular representations (See section “Representation of atoms, 

molecules, and reactions to the machine”). Here, attention is discussed in the context of 

transformers. The original transformer architecture, composed of an encoder and an autoregressive 

decoder, along with a depiction of the attention mechanism is shown below in Figure 0-4. Attention 

produces two practical side effects that have driven this architecture to the forefront of deep 

learning: 1) they can effectively act on variable length inputs, where MLPs require a fixed length 

vector or zero padding, which impacts performance, and 2) they can naturally address masked 

machine learning problems, where unlabeled data can be used for learning by asking the model to 

fill in masked portions of the input. These two practicalities mean that vast quantities of unlabeled 

data can be leveraged for SST, and are discussed below. 
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Figure 0-4: a) A vanilla transformer neural network composed of an encoder and a decoder. All matrix shapes are 
representative. An input sequence of l parts each with d’ features is concatenated with a positional encoding to produce 
an input matrix X. The model can be used to generate a new sequence of o parts. The encoder embeds the input 
sequence into a fixed length vector using self-attention. The decoder does the same with an output sequence, which is 
then used along with the input encoding in a cross attention mechanism to generate the next portion of the output 
sequences. b) The self-attention mechanism. Learnable linear transformations 𝜃, 𝜙, 𝛾 act on the input to produce 
queries (Q), keys (K) and values (V). Queries and keys are multiplied and softmaxed to produce a normalized 
“attention matrix” 𝛼 that is a pairwise expression of the weight that information at some position in the length l 
sequence should be considered at some other position in the sequence. The new state of information at each position 
in the sequence is then updated using the attention weights and the values. In the case of cross attention, instead of the 
same input producing Q, K, and V, a different matrix is used to produce K and V. Note that generally a “Multi-attention 
head” is used, here the input is sliced along d features and each slice is used in a different attention head before 
concatenating the results back together.  

In a transformer model the input is decomposed into a size l set, and each portion of the 

sequence must be embedded into a vector of d’ features. For sets that have an ordering, e.g. 

sequences, a positional embedding is added to each vector to provide information on the part of 

the sequence the vector applies to. In the NLP setting, the sequence is a series of “tokens” each 

representing a word or sub-word. The equation for embedding an item in this setting is given in 

Eq. 0-2, where I is a one-hot-encoding over the vocabulary of size d’ and S is a vector of k periodic 

functions evaluated at i. The resulting token embedding is then of size 𝑑′ + 𝑘 = 𝑑. The transformer 

is not exclusive to ordered sequences described here, however, and is viable for any set as long as 

each portion of the set can be represented by a fixed vector. A transformer may be composed of 

one or both of an encoder and a decoder. The output of each is a vector of some size for each input 
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token. In the encoder case, these can be considered a condensed representation of the item in its 

context, while in the decoder case, this is usually the softmax (sum=1.0) distribution over all 

possible labels e.g. the vocabulary d’ given some set of previous tokens. The decoder can generate 

sequences autoregressively by iteratively selecting the most likely item. This makes transformers 

highly modular and flexible for NLP: encoder-only models can be used to embed arbitrary 

sequences for downstream tasks like sentiment analysis on words or whole passages, while 

encoder-decoder and decoder-only models can be used to generate new sequences either 

spontaneously or when conditioned on some input, e.g. NMT, summarization, or joke 

generators.98,99 In these generation use cases, the output probabilities are generally attenuated with 

a “temperature” and can be sampled, making generation a stochastic process, or searched over 

using BEAM search for highly probable sequences without getting greedily trapped by early 

choices.100 

        𝑥! = 𝐼(𝑦!) → {0,1}$%||𝑆(𝑖) → 	ℝ&     (Eq. 0-2) 

In many applications, which portions of a sequence have a large impact on other portions is 

highly context dependent. Attention addresses this by providing a way for information at some 

location in the sequence to provide context to another portion of the sequence in a sequence 

dependent manner, thus for a given sequence, the “interacting” portions of the sequence are 

identified. This makes attention a favorable solution for applications with context dependent 

sequences without the drawbacks of other strategies such as recurrent neural networks, discussed 

elsewhere.101 As an additional benefit of the attention mechanism, inputs of arbitrary length can 

be used as opposed to an MLP where inputs must be padded with 0s, hindering learning.72 With 

attention, a sequence that is shorter than the positional encoding input size is still padded with 

zeros, but the attention mechanism applies 0 weight to those indexes, thus ignoring the padding. 
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In the attention mechanism for transformers, all items in the set are attending to each other 

pairwise. 

Transformers are pretrained – and finetuned depending on the downstream task – using 

masked or causal language modeling and the categorical cross entropy loss function. In masked 

language modeling, parts of the target sequences are masked and the model predicts a distribution 

of tokens at the masked positions. In the causal language modeling case, the probability of tokens 

over the “next” position in a sequence given all previous positions is predicted. Typically, teacher 

forcing is used, where the actual labels are used to condition the prediction of the next token, 

regardless of what the causal model would have predicted for a previous token. These predicted 

probabilities are compared to the true token at each position via categorical cross entropy, typically 

later averaged over all positions: 

        𝐶𝐶𝐸! = ∑ −𝕀(𝑗 = 𝑦!) ln 𝑃!(𝑗)$%
'      (Eq. 0-3) 

where d’ is the set of possible tokens, or the vocabulary. The true token label is 𝑦!.  

The result of this training strategy is that transformers can evaluate the likelihood of parts or 

a whole sequences in addition to their intended tasks. For a causal model, like the NOMELT model 

trained in Chapter 3, the output softmax probability over tokens at some position 𝑖 in a sequence 

𝑃!(⋅ |𝑥(, 𝑥#, … , 𝑥!"#) is given as 𝑃! where 𝑥! is the token identity at position 𝑖. The normalized 

probability of a particular token j from the vector at that position is written as 𝑃!(𝑗). The log 

likelihood of a sequence or a set of tokens at specific positions can be measured according to Eq. 

0-4 below, where 𝑀 is some set of positions in the sequence, from a single one up to the whole 

sequence88,92,102: 
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        𝐿(𝒙) = #
)
∑ ln𝑃!(𝑥!)!∈)      (Eq. 0-4) 

Further, the likelihood of a specific token change at a particular position given a fixed set of 

all previous tokens, the combined probability of a set of token changes, or the difference in causal 

likelihood of entire sequences of arbitrary length can be measured. This quantity is useful when 

comparing sequences, such as evaluating the likelihood of a mutation on a protein sequence 

occurring relative to the wild type, WT, in Eq. 0-5 below: 

        Δ𝐿(𝒙+,-!,./) = 𝐿(𝒙+,-!,./) − 	𝐿(𝒙01)         (Eq. 0-5) 

A disadvantage of transformer based models is the cost of training and predictions. 

Composed of often billions of parameters, training transformers on a single PC is not possible. 

Instead, often multiple GPUs are required in parallel on a computing cluster. Not only does this 

training requirement limit the number of researchers with the resources to train them, it is also 

more difficult for an ML practitioner to train a transformer over a smaller DNN, requiring novel 

and finicky hyperparameters such as learning rate schedules, batch normalization, label, 

smoothing, and specialized software environments meant to speed up model training at scale like 

DeepSpeed.103 Given this, only researchers with exclusive access to hundreds of GPUs can feasibly 

optimize transformers over many hyperparameters. All of this of course condenses into a 

significant energy cost.39,104  

Homology modeling 

One major task in the study of proteins and a critical step in the work conducted in 

“Developing a database of low and high temperature paired proteins” is the labeling of two distinct 

proteins as same-or-similar function. It is important to acknowledge immediately the nuances 
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associated with the term “same function.” For example, is a trypsin the same function as a 

chymotrypsin? Both are proteases and have similar structure and mechanism, but different 

substrate specificity.105 In conjunction with this nuance, it is worth noting that the only way to 

identify a protein function with full confidence is to observe it in its environment, meaning that 

the inference of same-or-similar function directly from primary and tertiary structure is not exact. 

Regardless, the identification and comparison of evolutionarily related sequences - homology 

modeling - allows us to approximate if two proteins occupy the same niche.106 This process has 

two facets, comparison of primary amino acid sequence, and the comparison of 3D structure.  

Sequence alignment 

Homology modeling typically begins with local sequence alignment, where a protein is 

compared to every other protein in a defined database of proteins, and portions of the proteins are 

compared in order to produce an alignment. The alignment is scored, and one uses the likelihood 

that a score were to occur by random chance to infer that portions of the two proteins are 

homologous.107 Optimal local sequence alignment algorithms have been available for some time, 

and include BLAST,108 and FASTA.109 An overview of the BLAST algorithm is given in Figure 

0-5 below. 



 36 

 

Figure 0-5: Depiction of the BLAST algorithm for a single query sequence A versus one sequence B in a target 
database. This process is repeated for protein A against all other proteins in the database. 1) Protein A is compared to 
protein B. Colored shapes are unique amino acid types, where same color indicates that two amino acids are 
phenotypically similar e.g. a green square may be Alanine while a green circle is Valine. 2) Exact matches in amino 
acids of some minimum length (3 is depicted) are identified as the start of an alignment. 3) A scoring matrix which 
defines whether an amino acid substitution is likely to be non disruptive (positive score) or disruptive (negative) to 
the protein structure is used to score each pair of amino acids in the alignment. The alignment is then iteratively 
extended: as pairs of amino acids are added to the alignment, they add their score according to the scoring matrix. The 
algorithm is usually configured to accept gaps (e.g. an amino acid was inserted or deleted in one sequence compared 
to the other sequence) with some penalty to the score. 4) When extension causes the score to go down for some number 
of steps in a row, the algorithm stops and the alignment is considered a scoring pair. 

The E-value is a rigorous expression for the probability that a given alignment score occurred 

by chance for the search space used, and is defined below. 

        𝐸	 = 	2⋅.
4!

 (Eq. 0-6) 

Where m is the length of the query protein, n is the total length of all proteins in the search space, 

and B is the bit score for some high scoring pair alignment identified. This value can be used to 

infer homologs, where values closer to 0.0 indicate a local alignment that is unlikely to occur by 

chance, and so is likely evolutionarily related. Note that the E-value is normalized by the sequence 

length and the database size, thus to infer homology for a longer protein or searching in a larger 

database, a larger bit score is required as both increase the probability of finding an alignment by 

chance. It is critical to note that the coverage of a local alignment need not be the entire query or 
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hit sequence; local portions of the amino acid sequence can be identified. An example of this would 

be a pair of two-domain proteins that share a single domain. Local alignment would identify the 

domain as homologous but the alignment would not cover the second, differing domain. This 

would be reflected as an alignment with less than 100% “coverage” of the constituent strands. 

Searching for local alignment homologs among very large sets of proteins can be somewhat 

expensive.110 Due to this cost, modifications to the algorithm have been made in order to speed up 

search time with limited impact on number and quality of homolog hits, such as with the 

DIAMOND software.111 Typically, after running local alignment for a protein against a large 

database, the resulting hits whose E-value is small enough to infer a desired evolutionary proximity 

are considered homologs.  

It is also possible to conduct Multiple Sequence Alignment (MSA) as opposed to single vs 

single pairwise alignment.112 Algorithms such as PSI-BLAST113 and JACKHMMER114 conduct 

MSA. This strategy has advantages: it is able to identify much more distant homologs by 

considering multiple potentially intermediate sequences, and further it provides substantially more 

information on structure and function. MSA searches are the most reliable way to infer structure 

and function for a new unstudied protein sequence using primary sequence alone; sequences with 

known structure and function in an MSA that is aligned to the new sequence provide statistics on 

the conserved portions of the sequence. This is significantly more trustworthy than assuming a 

similar structure by comparison to a single pairwise alignment, where differences in primary 

sequence may or may not substantially affect the structure.115 Indeed, the inclusion of a protein’s 

MSA is a critical portion of the strategy that allowed the state-of-the-art protein structure 

prediction AlphaFold2 achieve accuracy.91 Unfortunately, scanning a new sequence against known 



 38 

MSA families with e.g. HMMs to find homologs is sensitive and fast, building MSAs for many 

different proteins from scratch using is extremely expensive. 

Structural alignment 

Protein 3D structures can be aligned pairwise or in multiple alignments analogous to 

sequence alignment, however it is a very different problem to score or evaluate a 3D structure 

alignment compared to a sequence alignment.116 Firstly, once can consider the “degree of 

similarity” using a variety of different quantities. Some directly compare 3D structural elements 

such as RMSD in common residue positions between two structures. However, one can also 

consider extracting a similarity based on two dimensional features: instead of comparing distances, 

do common residues have the same contact map/tertiary interactions? Examples include the elastic 

Dali score.117 There are a very large number of proposed metrics meant to score the similarity of 

two structures, and regardless of the choice, they are all predicated on aligning the two structures 

such that they can be faithfully compared.116 One can treat the structures as rigid bodies and 

identify the rotation and translation that minimizes the RMSD of common residues while 

simultaneously maximizing the number of residues considered equivalent. Given that proteins are 

flexible and bodies that occupy different conformations, it is popular to instead compare RMSD 

of substructure elements and allow for flexible linkers during alignment.118 These so-called 

flexible aligners such as FATCAT score the quality of the alignment according to the RMSD of 

substructure elements while penalizing large differences in linker orientation.119 Considering that 

it is common for amino acid differences to cause conformational changes but are still highly similar 

structures, flexible aligners can find alignments where rigid body methods would yield extremely 

high RMSD.  
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The gold standard for inferring function of a protein is the structural alignment (requiring 

the subject’s full 3D structure to have been measured) to structures in a primary sequence MSA. 

Specifically, the target protein’s structure is measured along with its primary sequence. The 

primary sequence is used to search for an MSA using e.g. HMMER, and structures within the 

MSA are aligned to the target protein structure. A high degree of alignment leads to confidence 

that the new protein occupies the same or similar function as the known proteins in the MSA. 

Protein Structure and Thermal Stability Estimation 

Structure prediction 

AlphaFold2 (AF2) has been extremely impactful on the community for its ability to model 

the three dimensional structure of protein sequences.91,120 It leverages a novel architecture and a 

new and very large dataset to do this. There is a fairly involved data preparation step at prediction 

time. A target protein sequence is run against a large dataset of unlabeled sequences via 

jackhammer in order to produce a MSA. The MSA is given to a two dimensional “EvoFormer,” 

which is a novel transformer that has column wise (evolutionary diversity) attention in additional 

to the standard positional attention of the transformer, see “Attention based “transformers” for 

arbitrary sets” for an overview of the transformer and attention mechanism. Optionally, AF2 also 

initializes with a series of 3D positional templates found by querying a large structure database for 

exact matches on k-mers in the input sequence. Information is exchanged in multiple layers before 

outputting a predicted 3D structure. The output structure can be optionally minimized using Amber 

force fields.121 AF2 prediction is a stochastic process due primarily to input MSA subsampling at 

inference time. Due to this, each inference run will produce slightly different structures. The 

differences tend to be more pronounced for protein regions with low pLDDT, e.g. the model 
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confidence.122 The developers provide 5 different trained model parameter sets. AF2 predictions 

average on the order of 1.0 Å RMSD, close to the resolution of structure measuring 

instrumentation. Note that for all AF2 predictions made locally in this work, model checkpoint 4 

was used and the Amber relaxation was not conducted due to the downstream uses of the structures 

leveraging their own relaxation procedures.  

Given the expensive of running AF2 predictions, with high CPU requirements for MSA 

building and GPU requirements for large model predictions, there has also been work to create a 

model that does not require evolutionary variability inputs to predict protein structure. ESM2 is a 

large encoder-only pretrained language model trained on billions of protein sequences in self-

supervised fashion.50,123 By training a small projection of the model residue embeddings to predict 

a distance matrix, the authors of this work were able to predict structure with surprising average 

accuracy at 1.9 Å RMSD. Unlike AF2, this method is quite fast, does not require and MSA, and is 

not stochastic, in exchange for the loss in accuracy. 

Rational design methods can also be used to predict structure.124,125 Here, templates from the 

PDB and an energy function fit using Bayesian statistics on PDB structure, are used to iteratively 

insert and perturb 3D structure until a final structure is achieved. With a longer runtime and poorer 

accuracy on average, these methods have generally been overshadowed for single pass structure 

prediction by the accuracy of AlphaFold2. 

Prediction of protein stability 

Accurate prediction of a proteins stability has been a desire for decades, and a host of 

different methods (and targets) exist.126–129 Firstly, it is worth differentiating thermodynamic and 

thermal stability. Thermodynamic stability, often described by the folding free energy change, Δ𝐺, 
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describes the equilibrium between native folded state and unfolded states, usually at ambient or 

natural temperatures. This is given in Eq. 0-7 below. Here, 𝐻 is the system enthalpy in energy per 

mol, and 𝑆 is the system entropy in energy per mol-temperature. Note that each term is a function 

of temperature. 

        𝛥𝐺 = 𝛥𝐻 − 𝑇𝛥𝑆        (Eq. 0-7) 

Astonishingly, this quantity is approximately the same order of magnitude across evolution among 

organisms living in different environments.130,131 On the other hand, the thermal stability, described 

by the melting temperature 𝑇), describes some elevated temperature after which the equilibrium 

shifts and the protein loses function. See Figure 0-6B. These quantities can be described in both 

absolute terms, or relative to some wild type or starting protein sequence e.g. upon mutation. 

Further, predictors of these quantities fall generally into methods that leverage statistical potentials 

or first principles upon the protein structure, and those that leverage machine learning upon the 

protein sequence or structure or both. See Figure 0-6A for a breakdown of prediction method inputs 

and outputs.  

  



 42 

 

Figure 0-6: Breakdown of methods for the prediction of protein stability. A) Targets can be either absolute quantities 
of the protein, like melting temperature, or relative quantities to some wild type/parent sequence, such as change in 
folding free energy change. Methods to predict these quantities often operate on the 3D structure of the protein, 
applying statistical potentials, first principles, or machine learning. There are some methods that can make predictions 
with sequence alone, which leverage machine learning and sometimes environmental features. Examples are given 
for each category.124,132–135 B) The thermodynamic curves for two variants of a protein. The folding free energy change, 
ΔΔ𝐺, at ambient or environmental conditions, describes the difference in thermodynamic stability between the 
proteins. The melting temperature describes the thermal stability as the temperature at which equilibrium shifts to the 
unfolded state. 

Much of the literature is focused on changes in stability upon one or a few point 

mutations.133,134,136–141 Nearly all of them rely on an input 3D structure, and can incorporate statistical 

potentials, machine learning, environmental conditions, among others. Unfortunately, there are 

major drawbacks of this strategy, the most critical for the work discussed in Chapter 3 being that 

they can be poor in generalizability, biased towards destabilizing mutations and towards select 

protein families, as well as being unable to handle many mutations or insertions and deletions.142,143 

Further, many available methods are concerned with thermodynamic stability, while the work in 

Chapter 3 is targeting thermal stability. Thus, only methods that predict absolute thermal stability 

given a standalone protein sequence are considered, arguably the hardest category of prediction 

outlined in Figure 0-6A. Some of the first work to do this built statistical methods on dipeptide 

percentiles.144 Since then, additional strategies consider higher order interactions, leverage machine 
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learning on amino acid features, and novel neural architectures and have improved performance 

and generalizability.145–147 The best of recent predictors can achieve about 6oC MAE on a blind test 

set, which while good enough to resolve distant orthologs is unfortunately not precise enough to 

differentiate between protein variants in small experimental melting temperature studies.148,149 

Additionally, the datasets used to train these models have a limited amount of diversity, coming 

from a small number of organisms and protein families.150,151 This makes them unpredictable given 

a novel protein to study. In order to increase data size (and generalizability), at the cost of more 

noise, organism optimal growth temperature can be used as a proxy for thermal stability, but 

models trained in this way are even more imprecise and unable to differentiate between very 

similar proteins.85,152 All of these supervised predictors are not precise enough to guide high 

resolution melting temperature optimization, for example to rank variants during a directed 

evolution campaign. 

The recent mAF-DG is able to qualitatively rank protein variants by melting temperature 

without explicitly training on 𝑇) targets.132 Further, it incorporates structural knowledge into the 

prediction while still only requiring primary sequence like the supervised predictors thus far 

discussed. The general method leverages the stochastic nature of the state of the art structural 

predictor, AlphaFold2, which was trained on the sum of human protein structural knowledge: a 

number of structure replicates are predicted using AF2, and each is relaxed with the Rosetta energy 

function. The mean of energy values over this ensemble, analogous to the folding free energy 

change of the protein in Rosetta units, is the predictor output. This output was shown to 

qualitatively rank variants with 1-29 mutations by melting temperature, among multiple different 

proteins. None of these variants, or any melting temperatures whatsoever, were used to train the 

method. 
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Given the qualitative nature of the mAF-DG method to differentiate between protein 

variants, it was leveraged in Chapter 3 of this work. AF2 model checkpoint 4 was used, as 

suggested by the authors. The parameters for AF2 and Rosetta used were exactly as described in 

the original work, with a few modifications: the AF2 Ensemble size was 25 instead of 100, which 

the authors concluding was sufficient for prediction with little loss in accuracy compared to 100. 

Further, in order to account for a small amount of insertions and deletions between two protein 

variants, the score from mAF-DG was normalized by the sequence length. This is a novel choice, 

in that previously the method had not been used on libraries with insertions and deletions, and it 

was noticed that changing the number of residues changes the magnitude of the score strictly due 

to more or less free energy associated with more or fewer atoms on the system. The method was 

executed on 5 variants of Ribonuclease with sequences differing in length from 96 to 110 and 

melting temperatures between 41.1 and 53.2 oC.153 When the mAF-DG method was normalized 

by sequence length, the method had a Spearman’s correlation of -0.999 with P-value of 1.4e-24, 

confirming that normalization can be used to recover qualitative thermal stability estimation within 

a small difference in sequence length. 

There has also been work to estimate protein thermal stability temperature with molecular 

dynamics (MD). Many of them use the same case study, Engrailed homeodomain, as is explored 

in Chapter 3. Unfolding pathways can be intuited by a number of dynamic attributes like core 

residue RMSD, solvent accessible surface area, constraint network analysis, native contacts, etc. 

The properties can be combined to define 1D reaction pathways for folding and unfolding, yet 

even simply observing RMSD of core C𝛼 over the course of long simulations can give insight into 

whether the protein is unfolded. 154–158 All simulations conducted in this work were set up 

identically. The protein was placed in a periodic boundary box, solvating and charge balanced with 
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ions. Data presented is from 1 microsecond long production runs after NPT equilibration. The 

charmm36m forcefield was used.159 The full configuration files used, including additional 

information such as timesteps, constraints, velocity cutoffs, etc. are given in Appendix C.2.5. 
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CHAPTER 1: SMALL MOLECULE REACTION RATE 

CONSTANTS  

Understanding a system’s reactivity is critical for the design of new materials,160,161 to tune 

the production of compounds in industry,162 for drug design163 and so forth. Specifically, it is 

necessary to determine the thermal reaction rate constants, k, of each elementary reaction occurring 

within a reaction network, or an aggregation of steps that is descriptive empirically. In lieu of 

experiment, it is possible to calculate a rate constant estimation using first principles which has 

been studied extensively over the last century.164–166 While there are many different levels of theory 

for the calculation of ranging from collision and transition state theory (relatively cheap) to 

dynamic coupled cluster calculations (extremely expensive), even the most approximate require a 

computational cost that can be prohibitive for systems containing many elementary reactions or 

large molecules. In the field of surface catalysis, this is combated by building scaling relationships 

that can be used to predict the rate constants of many participating steps from only one or a few 

“descriptors,” reducing the cost of understanding a system by up to an order of magnitude.167 

Unfortunately, these relationships must be built for each system, thus the cost reduction occurs 

only when studying a known system on new surfaces, but does not allow for the rapid 

understanding of a new chemical reaction network, and is completely inapplicable for gas phase 

systems. Given the success of machine learning based approaches for molecular property 

prediction,66,168 application to reactions has seen recent focus.7 
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Quantum reaction rates of arbitrary minimum energy paths 

The difficulty of computing quantum reaction rate constants 

To compute a thermal reaction rate constant, we recall the Arrhenius equation, the 

microcanonical Rice, Kassel, and Marcus theory (RRKM),169–171 canonical transition state theory 

(TST),172–174 and variational transition state theory (VTST),175 among others. Here, the reaction is 

considered classically, and quantum phenomena such as reaction tunneling are not accounted for. 

More accurate methods such as path sampling,176 and the flux-flux and flux-side correlation 

functions,177 are based on the dynamics of the reaction, adding to the cost substantially. One can 

also use master equation based approaches,178 and scattering theories.179–181 Regardless of the 

method of choice, each with assumptions impacting the cost-accuracy trade-off, knowledge of the 

potential energy surface (PES) of the reaction is required. The PES is a surface defined by the 

potential energy 𝑉(𝑅) of the system for any orientation of atoms in 3D space R. The surface has 

3N-6 dimensions where N is the number of atoms in the system. The potential energy is the 

electronic attraction and repulsion of nuclei and electrons, generally under the Born-Oppenheimer 

approximation where the potential energy parametrically depends on nuclei coordinates R and 

excited electronic states are assumed to have higher potential energy for all R. The energy of the 

ground vibrational state is often included in the ground state potential energy. Additional potential 

energy surfaces are required for non-adiabatic accuracy, where nuclear motion is not assumed to 

be unaffected by electronic states as in Born-Oppenheimer. Unfortunately, determination of the 

energy or gradients of the energy in R at any position on a PES requires an ab initio calculation.  

While there are varying levels of ab initio theory from Hartree Fock to Coupled Cluster,182 

the typical choice for application in recent years is density functional theory (DFT) using the Kohn-
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Sham equations.183 While this method is not exact, it is common given its very good cost-accuracy 

tradeoff. Even still, a single DFT gradient calculation for a system of a dozen atoms can take on 

the order of minutes using high performance computing. This is prohibitive considering that 

computing a reaction rate constant dynamically on the potential energy surface for all but very 

small systems requires thousands of single point ab initio calls.184 Due to this cost, all but the 

smallest reaction systems are generally considered assuming the reaction occurs over a single one-

dimensional minimum energy path (MEP), with the transition state occurring at the highest 

potential energy on that path. Thus, the reaction must (classically) overcome an activation energy 

EA in order to move from the locally stable reactant state to the product state, a larger activation 

energy will result in roughly exponentially slower kinetics of the reaction. The difference in the 

reactant and product local minima energy is the reaction energy (RE), which determines the 

thermodynamic equilibrium of the reaction. A depiction of reactions occurring on the MEP 

assumption is shown in Figure 1-1. 

 

Figure 1-1: Overview of a reaction barrier. Can be represented as potential 
energy E, or including entropic energy to become Gibb’s free energy G. This 
system must overcome an activation energy to move from locally stable 
reactants to products or vice versa. The larger this energy, the slower the rate 
of reaction for some temperature. The difference in energy between reactants 
and products (RE) determines the state of thermal equilibrium. If one local 
optimum is significantly lower in energy, the system will be mostly composed 
of that configuration if given enough time to reach equilibrium. 
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It is relatively routine to determine a locally stable configuration of atoms and the system’s 

potential energy using gradient descent (~10 DFT calls) which makes determining the 

thermodynamics of a reaction quite straightforward. Unfortunately, even making the 1D path 

assumption, hundreds of DFT calls may be required in order to identify the MEP, and by extension 

the transition state. Common methods for this include Nudged Elastic Band and string 

methods.185,186 At this point, one commonly computes the classical transition state theory reaction 

rate constant with a total cost equal to that of searching for the MEP (hours to days). In some 

situations the assumptions made in TST and VTST yields a reaction rate constant that is 

unacceptably far from the non-classical quantum rate constant, particularly at low 

temperatures.177,187 This commonly occurs for atoms tunneling through a surface. In such a 

situation, currently the only option is to conduct a 1D wave packet or flux based propagation,188 

which can add hours to the cost already incurred by determining the MEP.  

In this work, a deep learning model was trained to predict the quantum reaction rate constant 

using the minimum energy path alone, to circumvent this secondary cost of computing the quantum 

reaction rate constant accounting for effects such as tunneling.22 First, a large dataset of 

hypothetical reaction barriers were generated. For each reaction barrier, the rate constants were 

computed analytically or using a flux derived transmission coefficient method.188 Then, a dense 

neural network was trained on features extracted from the MEPs to predict the rate constant 

product k(T)QR(T). Here QR is the partition function of the reactant, which was not separated from 

the rate constant k because the reaction barriers considered hypothetical reactants. The details are 

found in the next two sections, and the work is summarized in Figure 1-2. 
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Figure 1-2: An overview of the work to predict quantum reaction rate constants. 1) Hypothetical single and double 1D 
reaction barriers are generated, and for each a quantum reaction rate constant product was computed analytically 
(rectangular, gaussian, Eckart, and Peskin type) or by computing asymptotic transmission coefficients in the energy 
domain. 2) DNNs were optimized in order to make predictions of the logarithm of the rate constant product at some 
temperature T, using features extracted from the barrier shapes such as widths, heights, and slopes. 3) Optimized 
predictors can make quantum rate estimations from MEPs without additional expensive propagation calculations. 

Creating a dataset of hypothetical quantum rate constants 

A database of ~6.9 million quantum reaction rate constant products, 	𝑘(𝑇)𝑄-5,6/(𝑇), was 

generated for one-dimensional potentials. The quantum reaction rate constant products were 

computed in the energy domain from the general Eq. 1.1: 

        𝑘7(𝑇) ≡ 𝑘(𝑇)𝑄-5,6/(𝑇) =
#
48ℏ ∫ 	:

": 𝑒";<𝑇(𝐸)𝑑𝐸 (Eq. 1.1) 

where 𝑇(𝐸) is the transmission coefficient and 𝛽 = 1/𝑘=𝑇.  

The transmission coefficients were evaluated following the approach developed in Ref.188  

where it was shown that given a coordinate position,  𝑥(#),  located far from the reaction barrier, 

one can write: 

        𝑇(𝐸) = 4 Z𝜓<\𝑥(#)] +
ℏ
!@
𝜕A𝜓<\𝑥(#)]Z

"4
 (Eq. 1.2) 
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In Eq. 1.2 the coordinate position, 𝑥(#), must satisfy the condition  𝑥(#) ≫ 𝐿	, where 𝐿 defines 

the range 𝑥 ∈ [−𝐿,+𝐿	] within which the potential is non zero. 𝜓<(𝑥) is the eigenfunction of the 

Hamiltonian for the energy eigenvalue 𝐸	 = 	 @
"

42
 where 𝑝 is the linear momentum and 𝑚 the 

reactant mass. This approach was successful in reproducing the full quantum reaction rate constant 

as could be obtained in the time domain using the flux-flux correlation function approach,189 with 

the advantage of avoiding the demanding time propagation of the wavefunction. The reactant 

partition functions were considered as part of the output to be predicted using machine learning. 

For simplicity, the output product 𝑘7(𝑇) ≡ 𝑘(𝑇)𝑄-5,6/(𝑇) is referred to as the reaction rate 

constant product. Eq. 1.1 above was solved for single and double symmetric and asymmetric 

rectangular, Eckart,190 gaussian and Peskin191 potentials as shown in panel 1) of Figure 1-2 and 

defined below in Table 1-1.  

Table 1-1: Range of potential energy parameters for the symmetric and 
asymmetric single and double barriers used to compute reaction rate 
constants for the dataset. For a symmetric barrier,  𝛼 = 1. 

Feature Values 

Reactant mass – m  1060 – 1060000 [au] 

Barrier heights – V1, V2  5.0 – 80.7 [kcal / mol] 

Barrier widths – w1, w2   0.1 – 6 [au] 

Distance – d  0.0 – 5 [au] 

Asymmetry – 𝛼 0.0 – 1.0 

Temperature – T  80 – 2500 [K] 

 

For single rectangular and Eckart potentials exact analytical expressions were used for the 

transmission coefficient.166,190,192 More details on the numerical evaluation of the transmission 
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coefficient can be found in Appendix A.1.1. Depictions of the resulting rate constant dataset can 

be found in Appendix section A.1.2. 

A predictor of kinetic rate constants products 

A DNN was trained on the dataset of hypothetical 1D energy barriers. The network’s optimal 

architecture and modeling hyperparameters were identified by carrying out grid searches with five-

fold cross validation using Scikit-learn’s GridSearchCV193 and Keras with TensorFlow 

backend.194 The first search was conducted over one to three hidden layers of 𝑛 ∈

[1, 6, 12, 24, 32, 64, 128] neurons per layer with batch size 32, 64 or 128 and epochs in the set 

[50, 100, 200, 300]. For this grid search, the Adam optimizer195 was used with learning rate set to 

0.001, 𝛽# = 0.9 and 𝛽4 = 0.999, and the sigmoid and tanh activation functions for the hidden and 

output layer (See Appendix A.1.3-a for details on the first grid search). Subsequently a second and 

third grid search were carried out on the best model of the first search for each feature set, to 

identify the optimal activation functions and learning rate (Appendix A.1.3-b and c). Finally, a 

fourth grid search was carried out on the optimal model obtained from the third grid search to 

choose the final batch size (Appendix A.1.3-d). In all searches, the ranking metric was the mean 

squared error (MSE). The optimal hyperparameters values are discussed in the following 

paragraph and shown in detail in Appendix A.1.3-e. 

From the grid searches, as shown in Table 1-2, it was found that the optimal network 

architecture consisted of three hidden layers with 128 neurons in the first layer, 24 in the second 

and 12 in the third layer. 
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Table 1-2: Optimal DNN hyperparameters found from 
four grid-searches with five-fold cross validation. 

Hyperparameter Value 

neuron configuration  (128, 24, 12) 

epochs 300 
batch size 256 
hidden layer activation 
function 

sigmoid 

output activation function linear 
learning rate 0.001 

 

The grid search on the activation function indicated the sigmoid function as best for the 

hidden layers. For the output layer, the top three functions were the softsign, linear and hyperbolic 

tangent functions. These three combinations had comparable metrics of loss and the linear function 

was chosen as the output function in order to provide all real numbers as an output range and to 

lessen prediction cost slightly.  Finally, the optimal learning rate was found to be 0.001. The best 

batch size was determined in the fourth grid search by comparing the moving average validation 

loss of the optimal model and found to be 256. Note that a grid search for regularization was also 

carried out but it did not lead to an improvement on the model as overfitting was not observed. 
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Figure 1-3: Final optimized DNN model training loss 
(MSE) (black dashed line) and testing loss (blue solid 
line) for the scaled logarithm of the reaction rate 
product	𝑙𝑜𝑔	(𝑘#) as a function of epochs.  

In Figure 1-3 testing dataset loss (blue solid line) and the training dataset loss (black dashed 

line) is shown as a function of epochs. The testing loss closely followed the training loss and 

decreased as training progressed. Overfitting was not observed from the trend of the average 

testing loss. The fluctuations in the test loss were associated with the batch size in mini batch 

training. The final value of the training loss expressed in terms of the scaled 𝑙𝑜𝑔	(𝑘7) was equal 

to 1.55 ∙ 10"B. 

In Figure 1-4 the unscaled predicted DNN values of the 𝑙𝑜𝑔	(𝑘7) with respect to the exact 

test set values (blue circles) is shown. The red dashed line indicates the identity, i.e. the case where 

a model would predict perfectly. The linear fit (black line) to the predicted data is very close to the 

identity with a mean absolute error (MAE) of 0.27 log (1/ps) and standard deviation of 0.86 

log(1/ps). This corresponds to a relative error of 1.1% respect to the mean 𝑙𝑜𝑔	(𝑘7) value. The 

null hypothesis of always predicting the mean of 𝑙𝑜𝑔	(𝑘7) produces a MAE of 24.5 log(1/ps) with 

standard deviation 34.7 log(1/ps). The small value of the MAE compared to the null indicates that 

the model was able to predict accurately within the range of values it was trained on. 
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Figure 1-4: Predictions of the optimal DNN 
model on the test set. Blue circles represent 
individual examples. A linear fit to the data (black 
line) is very similar to the identity function (red 
line). The percent MAE rescaled with respect to 
the mean is 1.1%. The standard deviations from 
the mean is 0.86 log(1/ps). 

The trained DNN’s ability to predict quantum effects was investigated by comparing 

predicted 𝑙𝑜𝑔	(𝑘7) values to transition state theory rate constant results for the entire test set. In 

Figure 1-5 panel a) the average difference between the DNN predicted values and the 

corresponding transition state rate constant, binned by temperature interval, is shown in grey bars 

with diagonal lines. Specifically, the j-th bin’s height ℎ' was computed as: 

        ℎ' = 1/𝑁/5C/
(') ∙ ∑ 	D$%&$

(()

!E# r𝑙𝑜𝑔	 s𝑘7!t 	− 𝑙𝑜𝑔	\𝑘7*
1F1]u /|𝑙𝑜𝑔	 s𝑘7!t |								 (Eq. 1.3) 

The normalization by the absolute value of the quantum rate constant product 𝑙𝑜𝑔	(𝑘7)  was 

carried out so as to even out changes in rate value due to reactant mass and barrier shape and 

emphasize the difference with respect to the classical rate constant. The same average difference 

is shown in blue for the test dataset. The DNN values closely followed the test set and for 

temperatures below 300K, the percent MAE rescaled with respect to the exact mean difference 

was 38%. 
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Figure 1-5: Panel a) average prediction of quantum effects (Eq 1-2) as a function of temperature for the test set (light 
blue) and for the neural network predictions (grey with diagonal lines). As temperature increases the NN correctly 
predicts a decrease in quantum effects. Panel b) Top plots show, on the left hand side, a double barrier potential taken 
from the test set with 𝑉+ = 𝑉, = 42.89 kcal/mol, 𝑤+ 	= 	𝑤, 	= 0.5 au and d = 0.5 au and, on the right hand side, the 
transmission coefficient for reactants of mass 11.63 g/mol. The lower plot reports the corresponding predicted 
𝑙𝑜𝑔	(𝑘#) as a function of the inverse temperature (red dashed line), the exact values (blue line) and a transition state 
theory estimate based on the first barrier height (black line).  

In panel b) of Figure 1-5 an example of the predicted 𝑙𝑜𝑔	(𝑘7) for a symmetric double 

gaussian barrier taken from the test set is shown. The barrier heights were 𝑉# = 𝑉4 = 42.89 

kcal/mol, the widths 𝑤# 	= 	𝑤4 	= 0.5 au and the distance between barriers was d = 0.5 au. The 

reactants mass was 11.63 g/mol which is close to the mass of a carbon atom. As can be seen from 

the transmission coefficient, panel b) top right-hand side plot, the peaks indicate the presence of 

quasi bound states which lead to resonant tunneling and to a larger rate constant.191,196 The presence 

of quasi bound states increases the duration of the tunneling process and contemporarily the length 

of time-dependent calculations required to compute the rate constant ab initio. In this context, it is 

promising to see that the predicted DNN 𝑙𝑜𝑔	(𝑘7) values (red) closely followed the exact quantum 

values (blue) and only start underestimating at temperatures below ~160 K even still maintaining 

much more accuracy than classical theory.  
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To evaluate the ability of the DNN model to predict kinetics beyond the test dataset, two 

additional reactions were considered. The first is the extensively studied H + H2 reaction.197 The 

one-dimensional Eckart barrier approximation to the potential energy surface198 was used with 

𝑉# =	9.8 kcal/ mol, 𝑤# = 2.31 au  and 𝑚 =1060 au to solve for the exact kinetics. The potential 

is shown in Figure 1-6 panel a) upper plot. In the lower plot, the exact quantum results (blue with 

circles), the DNN predictions (red with triangles) and transition state theory (black line). The DNN 

predictions followed the trend of the exact results and recovered most of the quantum effects.  

The second process studied was hydrogen diffusion on Ni(100). For this system, a one-

dimensional pathway was extracted from the EDIM potential energy surface199 with EAM-5 

parametrization developed by Truong and Truhlar.200  The potential energy path was determined 

by first minimizing the potential energy along the z coordinate and then by taking a path 

symmetrically crossing three hollow sites. The one-dimensional path was then fitted to a double 

gaussian potential to extract features for the DNN. A plot of the two-dimensional surface and of 

the one-dimensional double gaussian path is shown in Figure 1-6, panel b) upper section. With this 

potential we computed the exact logarithm of the reaction rate constant product (Figure 1-6, panel 

b) lower plot – blue), the transition state theory estimate for the rate constant (black) and the DNN 

predicted rate constant (red).  



 58 

 

Figure 1-6: Panel a) Upper plot: Eckart barrier for the H + H2 collinear reaction. Lower plot: comparison of the exact 
𝑙𝑜𝑔	(𝑘#) for the H+H2 reaction (blue with circles) with the DNN prediction (red with triangles) and transition state 
theory (black line). Panel b) Upper plots: two-dimensional potential energy surface for Ni(100) and extracted double 
gaussian fitted one-dimensional barriers. Lower plot: exact quantum 𝑙𝑜𝑔	(𝑘#) (blue with circles) for the one-
dimensional diffusion of hydrogen on a Ni(100) surface compared to the DNN prediction (red with triangles) and 
transition state theory (black line). 

The DNN predictions underestimate the rate constant at low temperatures likely due to 

extrapolation: the example barrier has the minimum mass ever seen by the model, the maximum 

barrier width, and a very low barrier height compared to the bulk of training examples. Still, the 

model recovers the classical rate. This shows that with a simple input feature representation, one 

can obtain qualitative information on reactivity for systems beyond the test set. To predict quantum 

rates more accurately and obtain quantitative accuracy for a broader set of reactions, providing 

additional information about the system is required, such as reactant and product geometries, and 

more resolved barrier features e.g. with end-to-end convolution of the barrier as opposed to 

engineered features. 
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Predictions of stable and transition state partition functions 

Transition state theory to predict kinetic rates of reaction networks 

While the quantum reaction rate constant is necessary to achieve an accurate ab initio rate 

in some circumstances, often transition state theory is enough. TST is used widely in practice such 

as in catalytic network modeling and other systems involving many reactions.201–203 While 

ignoring tunneling effects, it is usually sufficient at high temperatures (ambient or above). The 

TST rate constant is defined as 𝑘1F1(𝑇) = #
;G

7-.(1)
7/(1)

𝑒";<0, where 𝐸, is the activation energy, 𝛽 =

1/𝑘=𝑇 while 𝑄1F and 𝑄H are the transition state and reactant partition functions at a given 

temperature 𝑇. Unfortunately, the activation energy and transition state partition functions both 

require the identification of a transition state from a minimum energy path search. This search is 

one of the most expensive portions of determining a reaction rate constant within the 1D path 

assumption, and leaves TST calculations as a bottleneck in computational reaction network study. 

On the other hand, once input features have been computed, a trained ML estimator may predict 

chemical properties within seconds.20,60,70,204–206 Machine learning has successfully been applied 

to evaluate electronic energies,207–209 accelerate the search for minimum energy paths,210–212 and 

predict kinetic properties7 such as quantum reaction rate constants for one dimensional minimum 

energy paths, discussed above.22,213 Leveraging this success, fast prediction of the activation 

energy and the transition state partition function would allow for TST rate constants to be 

approximated rapidly, opening the floodgates for study of massive reaction networks involving 

dozens or more individual steps. 

To meet this need, a dataset of over 1.5 mil partition functions for >30k gas phase organic 

chemistry species extracted for an existing dataset214 of reactant, product, and transition state 
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structures for unimolecular reactions was generated with the goal of training machine learning 

models.26 With this data, two DNN partition function estimators were optimized. The first DNN, 

“Qest”, predicts the natural logarithm of the molecular partition function from featurized molecular 

geometry and inverse temperature, 1/𝑇. Calculating the partition function of thousands of 

structures at multiple temperatures can take minutes to hours, which the proposed ML model Qest 

alleviates. The second DNN, “QesTS”, predicts the natural logarithm of the partition function of 

an unknown transition state, 𝑙𝑜𝑔		𝑄1F(𝑇)	, from the difference between product and reactant 

featurized geometries, the reactant and product partition functions on the log scale, and 1/𝑇. 

QesTS requires no knowledge of the transition state, so avoids the much more significant cost of 

MEP search. These models were then used to predict partition functions to be used in the 

computation of transition state theory reaction rate constants. The reaction rate constant predictions 

were also compared to ab initio TST reaction rate constants. The various steps taken to create the 

data, train, and evaluate the models are described in the following subsections. An overview of 

this work is shown in Figure 1-7. 
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Figure 1-7: Overview of work to predict molecular and transition state partition functions. 1) Partition functions were 
computed over a range of temperatures for an existing dataset of reactants, products, and transition states. This 
produced two datasets: one of partition functions of all structures and one of transition state partition functions. 2) 
Two ML models were optimized and trained. Qest makes predictions of partition function at some temperature based 
on 3D structure input. QesTS makes predictions of an unknown transition state partition function at some temperature 
using reactant and product 3D structures.  

A dataset of partition functions 

Partition functions were computed for 35,883 reactant, product, and transition state 

geometries taken from a dataset214 which contained 11,961 gas phase, organic chemistry reactions 

involving molecules of at most seven C, O and or N atoms. The partition functions were computed 

under the assumption that electronic, translational, rotational, and vibrational degrees of freedom 

were separable, and by using the rigid-rotor and harmonic-oscillator approximations:  

        𝑄(𝑇) ≈ 𝑄5I(𝑇)	𝑄/-,.C(𝑇)	𝑄-J/(𝑇)	𝑄+!K(𝑇) (Eq. 1-4) 

See Table A.2.1-a in the Appendix for the equations of each partition function term in Eq. 1.4. 

Although some products consisted of two or more distinct molecules, these had been considered 

as single structures when energies and hessians were computed in the original dataset.214 Therefore 

these single geometries were used to compute the partition functions. A more accurate 

representation would require the separation of the product geometry into the individual molecular 

geometries. When computing the vibrational partition functions, zero-point energies were 
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included. For the rigid rotor rotational partition function, the symmetry number was determined 

by identifying invariant symmetry operations for each molecule using pymatgen,215 and by testing 

which symmetry operations were proper. In particular, the exception of linear molecules for which 

C2 rotations are returned as improper reflections by pymatgen was handled.  

Partition functions were computed over a set of 50 temperatures randomly sampled for each 

reaction from a uniform distribution of 1/𝑇	 within the range of 𝑇 = (50, 2000] K. A histogram 

of the natural logarithm of the partition functions for all structures at all temperatures is shown in 

Figure 1-8. The histogram shows a smaller count of low values of the natural logarithm of the 

partition function. This is due to the dominating contribution of the vibrational partition function 

to Eq. 1.4. The data has been made open source and is available to download from Ref.216 

 

Figure 1-8: Histogram of all partition function values computed 
in the dataset for 35,883 organic chemistry species. Each entry is 
either a reactant, product, or transitions state at of one 50 
temperatures, sampled inverse-uniformly and independently for 
each of the 12k reactions. Structures that exhibit the smallest and 
largest partition functions in the dataset are depicted in subpanels 
A and B. The shape of the histogram is largely due to the 
dominating contribution of the vibrational partition function in 
Eq. 1.4 
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The entire dataset was split into a hold out test set (10%) and a development set (90%). The 

hold out set was used to test final ML predictors. The development set was further split into 5 folds 

to use for cross validation during model optimization. Both the hold-out and the fold splitting were 

conducted using the scaffold of the reactant molecule.82 By taking into account molecular structure 

backbones in scaffold splitting it was ensured that the structural overlap of the different datasets 

was minimized, producing a better estimate of the models accuracy on unseen data. For Qest, the 

input consisted of a molecule’s featurized structure (reactant, product, or transition state) and the 

inverse temperature, while the target was the corresponding natural logarithm of the partition 

function at that temperature. On the other hand, for QesTS the inputs were the difference between 

product and reactant featurized structures, product and reactant partition functions, and the inverse 

temperature while the target was the natural logarithm of the transition state partition function. 

Optimization and training of ML models 

First, the optimal format of the input data was determined. This involved a screening of 

featurization methods and data standardization. It was found that the EncodedBonds72 featurizer 

with min-max scaling and target normalization were optimal for the Qest Model. For the QesTS 

model the same input data feature representation was employed as Qest, i.e. Encoded Bonds. 

Screening of data standardization was also carried out, finding that standardization was not 

beneficial. It is believed that this is because the distribution of values for the difference in product 

and reactant feature vectors is peaked around zero; also, the distribution of partition function values 

for transition states was narrower than the overall partition function distribution for all species. For 

more information see Appendix A.2.2. 
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With these optimal input features, a search over DNN hyperparameters was conducted to 

identify the best activation function, regularization, bias and weight initialization, learning rate, 

and neuron configuration for Qest and QesTS. For more information see Appendix A.2.3. 

Partition function predictions 

The optimal featurizer, standardization, and hyperparameters (Appendix Table A.2.3-b) 

were used to train the final DNN models on the development dataset and test its performance on 

the test set. To limit extrapolation in the final model, some outliers were dropped from the full 

dataset, see Appendix A.2.5. 

In Figure 1-9 parity plots of the final QestTS (panel A) and Qest (panel B) model predictions 

with respect to the test set are shown. In both cases note a low test set mean absolute error of 4.01 

(2.0%) and 4.37 (2.1%) on the logarithm of the chemical species or transition state partition 

function for Qest and QesTS respectively. Percentages are MAE compared to the test set standard 

deviation. Also, in both cases the spread of the distribution of predictions around the identity is 

quite narrow. This indicates that both DNN models accurately predict the partition functions.  
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Figure 1-9: Panel A) Parity plot of the final QesTS DNN 
predicted values of transition state Q (y-axis) with respect to 
exact unseen test set values (x-axis). A perfect model is 
represented by the identity line (red dashes). Predicted 
examples (blue dots) closely match the true value and the 
overall MAE on the  is 4.01 (2.0%). Panel B) Same as panel 
A but for the Qest prediction of Q. Here the overall MAE on 
the test set is 4.37 (2.1%). Percent error is compared to the 
test set standard deviation. Note a strong agreement of the 
DNN predictions with the test set values.  

To verify that the Qest model was learning from the molecular structures in the dataset and 

not simply from the temperature, a comparison “null” linear model 𝑙𝑜𝑔	𝑄(𝑇) = 𝑚 ⋅ 1/𝑇	 + 𝑏	was 
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considered and fit to the development set. The null model performed poorly on the test set with an 

MAE of 34.5%. Qest model error was much lower: 2.1%, confirming that the Qest model learned 

from the molecular structure and not just temperature averaging. The prediction MAEs on the test 

set for Qest, QesTS, and the null model are listed in Table 1-3. 

Table 1-3: Mean absolute error of the null, Qest and QesTS models in predicting the test set molecular (reactant, 
product and transition state) or transition state partition functions on the log scale. Percent error is given compared to 
the test set standard deviation. 

 Null MAE Qest MAE QesTS MAE 

𝑙𝑜𝑔	𝑄	  72.5 (34.5%) 4.37 (2.1%) N/A 

𝑙𝑜𝑔	𝑄1F	  72.1 (35.1%) 4.25 (2.1%) 4.01 (2.0%) 

 

Given that both models predicted with a low error on the test set, these were combined to 

predict transition state partition functions with machine learned reactant and product partition 

functions. This “Double” model is discussed in the next sub-section. The trained models are 

available on GitHub.217 

Reaction rate constants computed with machine learned partition functions 

With the Qest and QesTS partition function estimators, and the existing activation 

energies,214 transition state theory reaction rate constants were computed for 1,086 test set 

reactions. To understand how machine learned partition functions influence the accuracy of the 

reaction rate constant, three approaches were considered. In the first both reactant and transition 

state partition functions were predicted from their geometries by using Qest. In the second 

approach, the reactant and product geometries and computed ab initio partition functions were 

used to predict the transition state partition function with QesTS. This approach avoids the time 

demanding search for a transition state geometry. In the last approach, Qest was used to predict 

reactant and product partition functions which were used, together with their geometries, as input 
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to QesTS to predict a transition state partition function. This method, hereafter referred to as the 

Double predictor, only requires knowledge of the reactant and product geometries and does not 

need computed partition functions or transition state geometries.  

The MAE of the three methods for predicting test set transition state partition functions and 

TST reaction rate constants is listed in Table 1-4. For the prediction of transition state partition 

functions (Table 1-4, column 1) all models have a similar MAE. The Double approach is the least 

accurate with an MAE of 2.7% while the QesTS approach has the lowest MAE of 2%. 

Table 1-4: Performance of transition state partition function prediction, and TST reaction rate constant calculation 
using predicted partition functions for our three ML based methods (Qest, QesTS and Double). Here 𝐸1 is the reaction 
activation energy. Percent error is given compared to the test set standard deviation. 

 𝑙𝑜𝑔 	𝑸𝑻𝑺(𝑻)	MAE 𝑙𝑜𝑔 	𝒌𝑻𝑺𝑻(𝑻)	 MAE Required inputs for 𝒌(T) 

Qest 4.25 (2.1%) 4.50 (1.7%) Reactant, transition state structures, 
temperature, 𝐸, 

QesTS 4.01 (2.0%) 4.01 (1.5%) Reactant, product structures and 
partition functions, temperature, 𝐸,  

Double 5.58 (2.7%) 4.50 (1.7%) Reactant, product structures, 
temperature, 𝐸,  

 

The fact that QesTS is the best predictor is not surprising given that it was trained specifically 

to predict transition state partition functions while Qest was not. Further, QesTS has knowledge 

of reactant and product partition functions from its input. In column 2 of Table 1-4 note that when 

computing reaction rate constants by using the predicted partition functions, the Double and Qest 

approaches have the same MAE while the QesTS approach remains the most accurate with an 

MAE of 4.01. The increase in accuracy of the Double approach compared to the other methods is 

most likely due to a cancellation of errors from Qest predicted reactant and QesTS predicted 

transition state partition functions. Nonetheless, the same average accuracy of reaction rate 
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constant calculations is achieved when using only reactant and product structures and no 

information on the transition state geometry. The only cost remains providing the value of the 

activation energy. Here it is worth noting that machine learning has successfully been employed 

to predict activation energies.218,219  

 

 
Figure 1-10: Panel A) MAE averaged over temperature bins 
on the test set for predictions of the logarithm of the transition 
state partition function using Qest, QesTS, and Double 
models. While the error of the transition state logged partition 
function increases as temperature decreases, the ratio of 
transition state to reactant partition function, which is the 
prefactor for TST rate constants, has low error. This is shown 
in the plot of the logged ratio of true to predicted prefactors 
binned over temperature (Panel B). Here 0.0 indicates a perfect 
match between predicted and true value.  

 

In Figure 1-10, panel A the error of the predicted transition state partition function with 

respect to the test set partition functions as a function of temperature is shown for Qest, QesTS, 
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and Double. In panel B the logarithm of the ratio of predicted transition state theory prefactors, 

𝑄1F/𝑄H, with respect to computed prefactors is given. Note some error cancelation: the error in 

the ratio of partition functions (panel B) is smaller than that for the single values (panel A). Errors 

for all models tend to increase at lower temperatures even though low temperatures were sampled 

frequently when generating the data. This could come from the fact that the partition function is 

more sensitive to small changes in temperature at low temperatures, making it more difficult to 

learn. Regardless, these errors do not significantly impact the predicted value of the reaction rate 

constant, with average error orders of magnitude lower than the value of the logarithm of the 

reaction rate constant. This is also seen in Figure 1-11, where the average error compared to the 

reaction rate constant for the ring breaking of gamma-Butyrolactone is shown.  
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Figure 1-11: Panel A) Natural logarithm of the reaction rate 
constant for a randomly selected test set reaction: the ring 
breaking of gamma-Butyrolactone. Here we show the 
logarithm of the reaction rate constant computed with 
predicted Qest (red), QesTS (orange), and Double (blue) 
partition functions as well as the reaction rate constant 
computed using the ab initio values of the partition functions 
(green). The error bars correspond to the error on the entire test 
set averaged over temperature bins. Panel B) A zoom in on the 
low temperature section of the data in plot A. Here the average 
error is plotted as dotted margins instead of error bars. One 
error bar (blue) is depicted. The error on k(T) for all prediction 
methods increases at low temperatures, however the average 
error is significantly smaller than the magnitude of the reaction 
rate constant. 

 

In Figure 1-12 Panel A, a plot of the transition state theory reaction rate constant for another 

reaction randomly selected from the test set, the ring opening of tetrahydro-2H-pyran-2-imine, is 

given. Here the partition functions were computed using the original ab initio data (green line) and 

predicted with the ML models. In Panel B, show the absolute error as the normed difference 

between true and predicted values is shown. The error of the models is more than an order of 

magnitude smaller than the value of the logarithm of the reaction rate constant which confirms the 

accuracy of the trained model.
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Figure 1-12: Panel A) Natural logarithm of the TST 
reaction rate constant as a function of inverse temperature, 
1/T, using Qest, QesTS, and Double predicted and 
computed partition functions for the ring opening of 
tetrahydro-2H-pyran-2-imine. This reaction was 
randomly selected from the test set. The predicted values 
are all close to the ab initio values. The absolute error of 
these models on the logarithm of the rate constant is 
shown in Panel B. Qest prediction has larger error at low 
temperatures for this reaction, however all methods 
predict with error an order of magnitude lower than the 
logarithm of the rate constant. 

Conclusions 

In this chapter, I outlined two distinct applications of Dense Neural Networks to help 

predict thermal reaction rate constants. Both required a novel dataset to be developed. The 

unique strategies for representing the reaction system and developing a predictive model 
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were detailed, rigorous hyperparameter optimization searches were conducted. The ability 

of the models to predict stringently held out test examples as well as blind systems are 

analyzed. These models help alleviate extreme costs in predicting complex reaction 

networks involving many reactions, by avoiding resource intensive experiment of 

computation. 

For systems for which quantum accuracy is desired, like atomic diffusion or low 

temperature reactions, work here shows that non-classical effects on the rate constant can 

be recovered without expensive downstream time or energy propagation calculations. This 

reduces the cost of predicting a rate constant to that of Transition State Theory, with some 

error compared to rigorous dynamics. Of note, the systems for this DNN application were 

featurized using simple barrier-agnostic features e.g. the width and heigh of potentials. 

Thus, while the examples in the dataset used the train the model were theoretical barriers, 

the strategy could be applied to any 1D reaction barrier for which the features can be 

posited. This was tested by fitting analytical functions to literature energy barriers, which 

led to predictions that were quantitative. Given that the rate constant product is 

deterministically dependent on the reaction barrier, this also suggests that future neural 

network models could further reduce the error compared to calculation. It is worth applying 

the observed successes of learned representations for molecular systems to those of 

reaction barriers: convolutional neural networks or transformers have been used in other 

settings an could be applied directly to the barrier, potentially improving over engineered 

barrier features detailed here.220,221 

For systems where TST rate constants are sufficient, there is still significant cost 

associated with finding a transition state, and work here shows that the partition function 
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of such an unknown transition state can be predicted. Engineered 3D features were used to 

train DNNs to predict the partition functions as a function of temperature for arbitrary 3D 

small molecular structures involving no more than 9 heavy atoms. When these features for 

a reactant and a product were combined, prediction of partition functions for an unknown 

transition state followed. When combined with activation energy ML predictors, this 

completely removes the need to search for MEPs, allowing for reaction rate constant 

predictions at TST rigor in sub second timescales. This is transformative when considering 

large reaction networks where hours to days of time is normally required for each reaction.  

While these tools are no complete substitute for accurate experiment or calculation, 

they push the needle forward on rapid qualitative evaluation. Through careful design of 

features and future models, the gap in accuracy between first principles and data driven 

methods will be reduced. 
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CHAPTER 2: TEACHING ML ON CHEMICAL AND 

BIOLOGICAL SYSTEMS 

Data science is becoming increasingly ubiquitous in nearly every industrial field15,222 

and has found traction in Chemical Engineering2,14,223 (ChE), yet instruction is sluggish in 

primary education224 and only recently beginning to diffuse out of computer science 

coursework in higher education.225,226 Resources for students to seek out on their own such 

as online coursework or articles often describe methodologies in the contexts of traditional 

computer science and do not provide case studies relevant to Chemical Engineers. Data 

Science is an umbrella of topics and tools that need to be discussed in the context of their 

application.227 The disparity between the applications of data science to ChE topics and 

their joint instruction calls for more opportunities for students to learn and apply data 

science to ChE problems. In the next section, an optional event for undergraduate students 

“C-HACK” to learn and apply data science and machine learning to real industrial data is 

discussed. This event was designed with a team of representatives from faculty, students 

and industry, and occurred in both 2021 and 2022 across multiple college campuses. An 

increase in student understanding of python topics was observed, as measured by self-

assessment.  
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A complementary Hack-a-thon 

Hackathon objectives 

From a pedagogical standpoint, active learning has received a lot of recent 

discussion.228–231 The stated primary objective of active learning is to engage the student 

in the learning process. This goal seems intuitive and straightforward, but it is difficult to 

prove with evaluated outcomes that active learning methods are always the optimal choice. 

Improvements in learning outcomes are associated with more subtle design choices, such 

as cooperative settings, instruction during problem solving, and centering learning around 

an inquiry or problem.232 Subsets of active learning methodologies such as Inquiry Based 

Learning (IBL)233 and Problem Based Learning (PBL)234 focus on providing students with 

an exploratory task, through which they discover key concepts and effective strategies for 

themselves. The core necessities for these types of methods to be beneficial are to provide 

students with sufficient motivation, and give them an opportunity to collaborate.235 We 

have already seen project based coursework being used to teach data science,236 the 

challenge remains integrating it in the contexts already being explored by ChE students. 

One method that could be used is coopetition,237–239 where students work in teams on a 

problem with access to learning resources. 

While designing and incorporating active learning of data science into chemical 

engineering curricula would improve students’ skillsets, reforming degree tracks requires 

a lot of planning and can be slow. Optional learning opportunities,240,241 such as the 

chemical engineering hackathon, discussed here, provide students with intermediate 

agency in their learning of this subject matter. C-HACK is an optional 2-week active 
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learning event designed to teach students data science in the context of chemical 

engineering.27 The event was conducted in 2021 and 2022. The primary objectives of the 

event were: 

Objective 1: Provide an opportunity for undergraduate ChE students to gain data science 
skills, regardless of starting comfortability with the material, specifically targeting 
groups typically under-supported in computing. 

Objective 2: Give students an opportunity to work in teams to solve a current industrial 
problem in a limited amount of time using the skills from Objective 1.      

Objective 1 stemmed from the goal to ensure that 1) there was no bias or 

discrimination in terms of registration and participation in the event such that those who 

were not yet comfortable with writing code and working with data still signed up, and 2) 

that all students were able to tackle the problems in Objective 2. To fulfill subgoal 1, no 

experience was requested and the material was prepared assuming participants had no data 

science background. Contemporarily, participants needed only an internet connection. To 

address the second subgoal, the first week of the event consisted of a series of interactive 

tutorials ranging from the basics of Python coding to some machine learning topics that 

could be used for Objective 2. Python was chosen as coding language to teach data science 

as it is extensively used for data science applications and has an active open source 

community.242,243 

Objective 2 aimed to provide students an experience in team dynamics so that they 

could develop soft skills sought after by industry employers. To fulfill this goal the second 

part of C-HACK consisted of a timed hackathon using real data provided by Dow, Inc. 

(“Dow”), where students had the opportunity to work with industry representatives. The 

hackathon portion of the event is a reward style coopetition where participants compete in 
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teams to tackle a problem. To recognize student achievement, participants received official 

certificates for their work and top teams won monetary prizes and awards. 

An overview of the event including the organizational period, the tutorials, and the 

hackathon are shown in Figure 2-1. In the following section the observed outcomes of the 

event are described, and in the Appendix B the detailed format of the event is given. 

 

Figure 2-1: Overview of the two-week event. a) Planning period. Committees were created to evaluate tutorial 
content, assist with tutorial delivery, and evaluate participants’ work on their projects. The format and content 
of the event was designed to adhere to Objectives 1 and 2, including student incentives, software, scheduling, 
tutorial material, hackathon problems based on industrial data. The event was advertised through fliers, 
virtual info sessions, and before core undergraduate class lectures. b) Event starts with tutorials. After an 
opening ceremony where the agenda, resources, and industry representatives were introduced, one week of 
evening interactive tutorials on Python and data science topics was conducted. c) Hackathon for ChE 
Undergrads. Two days after the last tutorial, representatives from Dow introduced their dataset, the story 
behind it, why it is important, and the coopetition problems to choose from. Participants had four days to use 
data science to work on the problems. Two office hours were open for students to ask organizers and industry 
representatives about the data and problems, which were recorded and made available to all participants. 
After their work was turned in, participants gave 10-minute presentations. Rubric assessment by judges was 
conducted on the students’ work and an award ceremony followed. Dow Logo is a trademark of “Dow, Inc.” 
(“Dow”) or an affiliate of Dow. 

Event outcomes 
The results shown below were observed for the 2022 event year. In total, 107 students 

from two campuses (22 Oregon State University, 85 University of Washington) 

participated at some level, and 67 in 19 teams completed their team based activities in the 
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coopetition. Before and after the event, students were asked a series of 8 questions via 

survey to understand how well we accomplished the event goals, listed in Table 2-1. A pdf 

of the survey can be found in the event repository.244 Qualitative questions (all but the first 

question) were given on a scale from 1 to 5. For the first question (“Gender: How do you 

identify?”) students were given options of “Female”, “Male”, “Transgender”, “Gender 

variant/non-conforming”, “Prefer not to disclose,” and “Other.” These options were not 

mutually exclusive. Those that identified as male are referred to as men and those that 

identified as female as women. Abbreviations for the survey questions are listed in column 

two and used to refer to the questions hereafter. The objective that the questions aimed to 

measure is listed in column three. 

  



 79 

Table 2-1: Questions asked to participants and the goal they measure. 

Question asked Abbreviation Primary 
Objective 

“Gender: How do you identify?”  Objective 1 

“I understand what variable data types are.” “Data Types” Objective 1 

“I understand the concepts of flow control in 
Python.” 

“Flow Control” Objective 1 

“I am comfortable with using Python to 
visualize and analyze scientific data for 
problem solving.” 

“Python 
Visualization” 

Objective 1 

“I am comfortable working in teams to solve 
problems by dividing the work in subtasks and 
communicating my progress.” 

“Team Projects” Objective 2 

“I am comfortable working on open-ended 
problems (where there is no single correct 
answer) to find a solution by brainstorming 
with my team.” 

“Open Ended” Objective 2 

“I am comfortable writing and orally 
presenting work I have done on open-ended 
problems.” 

“Communication” Objective 2 

“'I feel I have opportunities to apply what I am 
learning in my degree on problems similar to 
what I will encounter in the future.'” 

“Degree 
Applicability 

Objective 2 

 

A total of 79 participants responded to the survey before the event, 30 identified as 

men, 47 identified as women, and two identified as “Other” or “Prefer not to disclose.” 

Given these responses, no meaningful comment could be made on the effect of the event 

on nonbinary individuals, but if we compare the ratio of women to men to the overall 

population in ChE at the University of Washington (46%) we can see that feedback on the 

event was preferentially provided by women. It is unclear if the distribution of gender 

identities for those that filled out the surveys is representative of the 107 total participants. 
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For the first survey, the response to the questions by women and men are shown in 

Figure 2-2. There was room for improvement by both men and women for all topics, 

however the students were least comfortable with the three python related topics (Data 

Types, Flow Control, and Python Visualization).   

 

Figure 2-2: Average response to the 7 qualitative questions asked of 
participants before the event, by self-identified man or woman. Black lines are 
one standard deviation. Responses for the three python related questions show 
the most room for improvement. 

 

A total of 39 participants responded to the survey after the event concluded. The 

responses to the questions among the overall population before and after the event is shown 

in Figure 2-3. Note that while Objective 2 responses did not substantially change, responses 

to Objective 1 questions related to Python showed significant improvement due to the 

event. The magnitude of these improvements in terms of effect size is shown in Table 2-2. 

The p-value indicated by the two-sided unequal variance t-test is shown in the third column, 

where statistically significant changes in response are emphasized. While the average 

change in response was positive for each question, only Objective 1 questions have 

improvements greater than 1.0 effect sizes. 
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Figure 2-3: Average response of all participants to the qualitative questions before (79 response) and after 
(39 responses) the event. Black lines are one standard deviation. Among the Objective 2 questions, notice no 
improvement within confidence. For Objective 1 questions, note significant improvement before and after 
the event.  

 

Table 2-2: Improvement in confidence for 6 qualitative questions after the event 

Question Improvementa p-value 

“Data Types” 1.34 8.52e-9 

“Flow Control” 1.91 1.20e-14 

“Python Visualization” 1.16 1.02e-6 

“Team Projects” 0.11 5.29e-1 

“Open Ended” 0.04 8.57e-1 

“Communication” 0.43 3.08e-2 

“Degree Applicability” 0.21 2.81e-1 

aNumber of effect sizes improved, where effect size is computed as the average of 
standard deviations of the pre and post populations 

 

Finally, to assess the change in comfortability of individuals, especially among 

women who are traditionally undersupported in computer science and stem,245,246 consider 

the participants (n=34) who responded to both surveys. Of these, 19 self-identified as 
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women and 15 self-identified as men. Figure 2-4 shows the distribution of the difference 

in students’ responses between the two surveys. The distribution of improvement, 

represented by positive change, is skewed most positive for Objective 1 questions. On 

average, the improvement for women is greater than the improvement for men, indicated 

by vertical colored lines plotted over the histogram. For Objective 2 questions, note little 

to no improvement or even a reported decrease in comfortability by men for some 

questions. While they are not statistically significant, it is an interesting observation. This 

may be due to some teams having to rearrange or drop out due to participants not having 

time to contribute. Note that teams that completed the projects scored well on their rubric 

evaluated oral presentations, at 70.0% on average. The subsections of this score (oral 

presentation, teamwork, and project results) directly correspond to three Objective 2 

questions, see the rubric in the event repository for details. 244   
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Figure 2-4: Histogram of change in survey response, for each of the 7 qualitative questions by 34 participants 
that responded to both surveys. Histograms are stacked such that responses by women (blue) and men 
(orange) together compose the overall distribution. A positive change indicates that the participant reported 
improved confidence to the question after the event compared to before, while negative indicates that 
confidence was decreased by the event. A black vertical line is shown at 0, representing no improvement. 
The average change for men and women is shown as vertical colored lines. For Objective 1 questions, where 
the average improvement is significantly more than none, women reported a larger improvement than men 
in all cases. This is most significant for the data type question. 

Conclusions 

An optional learning opportunity, “C-HACK”, aiming to give undergrad ChE 

students an opportunity to learn and apply python, data science, and team soft skills, was 

discussed. While an improvement in soft skills was not observed, a significant 



 84 

improvement in python and data science related knowledge was observed as measured by 

participant self-evaluation surveys and is even more pronounced for participants 

identifying as women. This is especially valuable given the minimal time commitment by 

students of two weeks during the relaxing part of the academic term. Preparing the event 

was achievable by a small team in a few months. Having an industry partner was invaluable 

in order to keep the event centered on the skills and real-world problems relevant to ChE 

industry. Given this, C-HACK can be considered a high efficiency method to provide 

students with a foray into data science as it relates to ChE in institutions that do not have 

data science and ML dedicated courses or tracks.  
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CHAPTER 3: THERMAL STABILITY OF PROTEINS 

Proteins have made their way into application spaces such as unique materials,247–249 

catalysis,250,251 therapeutics,252 among many others. Suffice it to say that utilizing the 

tunability of protein design is of extremely high importance for creating novel methods in 

a post-petroleum industry.30,253 Recent years have seen proliferation of successful 

application of protein design, whether by modifying natural proteins, or creating new ones 

from the ground up.254 One critical task is improving the stability of the protein fold, 

particularly for high temperatures. A protein retaining functionality with high thermal 

stability can be leveraged in processes operating at high temperatures, increasing both 

reaction and transport kinetics, and retaining the desired structure. Perhaps the most blatant 

example of a thermostable protein being leveraged by humans is the family of cellulases 

purified from high-temperature prokaryotes (thermophiles) and fungi, which had a global 

market value of $1.6b in 2022 and is expected to grow to $3.2b by 2032.255,256 This family 

of proteins break the glycosidic linkage bonds connecting glucose in cellulose polymers. 

This necessary step in many textile applications, pulp and paper production, and biofuel 

synthesis can only be conducted with enough throughput to be leveraged industrially when 

conducted at high temperatures, thus the enzymes used in practice are thermostable 

variants.257–259 The use of proteins at high temperature is not limited to enzymes, for 

example within the therapeutics domain. Here, in addition to some enzyme applications, 

structural proteins bind to targets and act to inhibit, increase, replace, or otherwise 

modulate biological pathways. Examples include insulin, vaccine components, and are 

being considered as treatment for Alzheimer's, among others.260–263 One of the major 

difficulties with protein based therapeutics is the degradation at moderate temperatures, 
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requiring energy intensive and expensive cold-chain transportation at ~6oC.264,265 Recently, 

a thermostable closed spike protein trimer of SARS-CoV2 as been designed.266 This protein 

instigates viral binding to the cell membrane, and the thermostable variant retains its 

structure up to 60oC, allowing it to be easily transported if used to develop a vaccine, as 

well as for serological studies. Beyond cellulase and therapeutic applications, one can think 

of a wide spectrum of applications where proteins offer promise but must be stable above 

room temperature, such as degradation of organophosphorus compounds in wastewater 

remediation plants,267 and preparation of soy product for food.268 It is clear that proteins 

have the potential to be leveraged in many high temperature applications, but while the 

protein design space is vast, only some functionalities are naturally occurring in 

thermophiles, leaving many applications still locked. 

There has been a host of studies in order to identify methods, rules, and techniques 

such that proteins can be designed for use at high temperatures, however these are limited 

to chemical methods with significant disadvantages, broad statistical rules with marginal 

effect, or strategies limited to one particular family of proteins.8 It is of high interest to 

develop a context-dependent understanding of primary protein structure’s effect on thermal 

stability. The protein stability problem, from a thermodynamics perspective, observes 

Gibbs law as described by Eq. 0-7. If the unfolded state at some temperature T is lower in 

Gibbs energy, the equilibrium between states will shift to the protein unfolding, and thus 

the protein is not stable at that temperature. It is clear that stability at a higher temperature 

is more difficult than stability at a moderate temperature: the entropic term dominates at 

high temperature, and an unfolded, free moving sequence of amino acids has higher 

entropy than the packed, folded state. For a given protein, it is necessary to change the 
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enthalpy and/or entropy delta of the folded/unfolded system in order to increase its stable 

temperature. The problem of high temperature or thermal stability, which is the focus of 

this work, is often described by the melting temperature, 𝑇), after which this equilibrium 

shifts. 

 In the remainder of this chapter, I overview the current methods for improving a 

target protein’s thermal stability, the data that have been used to attempt to derive 

conclusions and rules about nature’s modes of thermal stability, and the ways in which ML 

has been used to accelerate these processes. The gaps in current data and models are 

discussed, and a new pipeline described and analyzed that produced the current largest 

dataset of context-dependent, paired protein homologs across temperature regimes. Lastly 

a novel generalized protein model which aims to introduce thermally stabilizing variation 

in a context dependent manner using neural machine translation, NOMELT (Neural 

Optimized Machine Enabling Learned Thermostabilization), is described and its 

capabilities explored. 

The design of functional proteins with high thermal stability 

Improving protein thermal stability 

 Initially, naturally occurring proteins were externally stabilized in order to improve 

their ability to operate at high temperatures. 269 This can involve covalent modification or 

crosslinking of surface residues,270–272 addition of a stabilizing solvent,273 or binding to a 

surface.274 These methods are still being used, but pose a few barriers: external stabilization 

of proteins requires time and material input in order to purify and stabilize the protein, and 
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additionally the stabilizations that are compatible with living organisms are limited to 

natural post translational modifications.275,276 For some applications this may be 

acceptable, but an inherently thermally stable protein would be preferable. This must be 

possible due to the multitude of extremophile organisms whose proteome retains 

functionality at extreme temperatures.277 Natively high temperature proteins are 

additionally desirable because they could be used in the context of bioreactors and other 

systems involving living organisms. A depiction of the three strategies is shown in Figure 

3-1.  

 

Figure 3-1: Current strategies to stabilize proteins for high temperatures. Chemical modification and 
stabilization involve post-translation processing of purified proteins with stabilizing agents, either by 
covalent bonding, immobilization, or stabilizing solvents. Sequence design modifies the amino acid sequence 
to be translated to infer thermal stability, which can then be purified or left to exist in a cell environment. 
This includes directed evolution, wherein the sequence is modified randomly or semi-randomly by 
mutagenesis or recombination, and beneficial variants are selected for. Alternative, first principles and 
statistical potentials can be used to help design the 3D structure of the protein targeting stability. Both directed 
evolution and rational design require significant effort to stabilize a protein of interest while retaining 
function. 

 Most recent work has approached the problem of thermal stability from the 

perspective of better sequence design. This tracks back to nature - related organisms living 
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at high temperature and moderate temperature, thermophiles and mesophiles respectively, 

have highly analogous proteomes. Same-function proteins between these organisms 

typically have >40% sequence similarity, have superimposable 3D structures, and have the 

same binding mechanisms, yet observe enough differences in sequence to account for the 

temperature delta in stability of up to ~80C.278 The necessary difference in sequence comes 

from the effect of temperature on the atom-wise interactions within the native folded state 

and the unfolded state. For example, we credit the preference of the protein to a native 

folded state over an unfolded one in large part to packed hydrophobic cores,279 yet 

hydrophobic interaction strength does not increase for temperatures between 25C and 

110C,280 so thermophiles cannot rely on hydrophobic packing alone in order to retain its 

folded proteins at high temperature. Thus, thermophiles have had to adapt their proteomes 

in other ways to convey stability than what would be sufficient at moderate temperatures. 

While there are some exceptions where environmental conditions in hyperthermophiles act 

to stabilize the protein,281 the modern approach to increasing stability relies on modification 

of the protein sequence.8  

 Improving thermal stability by determining an alternative primary sequence can be 

approached head on with directed evolution.282 Screening/selection is used to iteratively 

improve a protein’s function, activity or property. Here variation is introduced into parts 

(determined via intuition) or the whole protein sequence experimentally by mutagenesis, 

recombination, or even targeted oligonucleotide mutations, and downstream variants are 

evaluated at some throughput.283 This method does come with challenges: the phenotype 

of interest must have a causal effect on the measurement. Specific assays must be 

developed such that either the protein is purified and its activity measured in solution at/as 
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a function of high temperature, or the protein is a core component of the organism’s 

metabolism as temperature stress is induced.283 This means that currently only 

thermostability of enzymes have been improved in this manner to the best of my 

knowledge.284–286 Yet unstated: DE can be extremely time consuming and expensive, both 

to design and conduct. Another approach is the design of hotspots.287–289 Requiring the 3D 

structure of the protein, simulations can be used to find areas of the protein that are weakly 

folded, which can then be targeted for improved stability. Mutations at the hotspot can be 

directly designed with rational design or optimized for with site specific mutagenesis.290 

This strategy is capable of increasing the melting temperature by 9C, in just one 

example.291 One might also consider consensus concept modeling, 292 where multiple 

sequence alignments are constructed with the protein’s homologs, and parts of the primary 

sequence that are in consensus among the homologs are inserted into the target protein. 

Unfortunately, many of the suggested mutations using this method are destabilizing, and 

in practice the sequence alignments are instead used in conjunction with rational design or 

the homologs used to introduce variation for DE.293,294  

While these methods have been effective at increasing the stability of a system of 

interest, they confer a significant experimental or computation cost, and are protein specific 

- they must be restarted for other proteins with different folds. For rapidly improving 

thermal stability in the future, it is desirable to complement protein-specific engineering 

with a generalizable translation over governing factors that nature uses to confer high 

temperature stability. This is particularly challenging because our current state of 

understanding suggests that these governing modes are context dependent.29 
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Analysis of the modes used by nature to improve thermal stability 

 In order to elucidate how and with what modes sequence effects the thermal 

stability of the protein (in a data driven manner), we require labeled data - e.g. proteins 

whose stability has been measured. Rigorously, one could measure the thermal stability, or 

the ability of the protein to avoid unfolding at high temperatures, by its melting temperature 

TM, while the kinetic thermal stability or the ability of the protein (if an enzyme) to retain 

its activity and avoid denaturing can be measured by temperature of half inactivation T50.295 

Unfortunately, the quantity of these data is vastly lower than the total number of proteins 

for which we have sequences, on the order of thousands. ProThermDB296 contains ~32k  

wild type and mutated proteins with thermodynamic measurements, many of the mutations 

being destabilizing. FireProtDB151 filters this data with additional data sources, as well as 

cross referenced sequence annotations with the purpose of allowing users to filter the data 

for machine learning, yet the total number of labeled mutations is a little over 13k. The 

largest known dataset of natural proteins with melting temperatures is 48k, derived from 

only 13 organisms.150 To increase the amount of available data, many have worked with 

the organism's optimal growth temperature (OGT) as a proxy measure of stability. These 

datasets, among other small sources, or in house mutagenesis data, have been used to try 

to elucidate modes and methods of thermal stability using data driven approaches. A 

selection of some of the largest repositories of data is given in Table 3-1. Effort here can 

be separated into two categories: extracting patterns and statistical differences between the 

pools of known high temperature proteins and moderate temperature ones, and direct 

comparison of the 3D structure of same-function proteins across temperature.8 From these 

studies it has been suggested that hydrophobic residue ratio, hydrogen bonding networks, 
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AA substitutions such as Glu → Pro, salt bridge formation, Pi-Pi and Cation-Pi 

interactions, among others,  all impact the thermal stability of the protein. A summary of 

work can be found elsewhere.29 While some of these suggestions have become generally 

accepted, such as salt bridge formation297,298 and a few AA preferences that have marginal 

effect when applied unilaterally,299 the only general consensus is that there is a delicate 

balance of rigidity and entropic flexibility, determined by short and long ranges interaction 

of all kinds, in stability.29,300,301 In other words, we can gain stability by decreasing the 

folded enthalpy, increasing the folded entropy, or even decreasing the unfolded entropy, 

but a specific set of rules for how to do this has not been discovered. Many of the 

suggestions of governing modes have contradictory work or are weakly supported. Studies 

that rely on statistical comparison of pools of high temperature and low temperature 

proteins (using either TM or OGT)297,302–307 do not consider the problem in a sequence-

dependent manner, while those that rigorously evaluate individual protein or protein pair 

3D structure are too few in data to be generalized.308–312 To make this problem more 

complex it is not a guarantee that by, for example, decreasing the folded enthalpy in a 

certain way, that the function of the protein is not hindered. Indeed, it is clear that the modes 

of protein thermostability are context dependent: while there may be generalizable methods 

and rules used by nature, they do not exist independent of each other and cannot be 

expected to be leveraged in the same way for all protein families.300,312  
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Table 3-1: A selection of the largest publicly available datasets of proteins and their thermal stability. 

Name Size 
Proteins 

Size Prot. 
Pairs 

Diversity Label 

Meltome Atlas 150 48k - Diverse proteins, 13 organisms TM 

ProThermDB296 32k - Diverse proteins and single point 
mutation 

TM  

FireProtDB151 16k - Single point mutations TM  

Engqvist et al.84  5.5 mil - Diverse enzymes, multiple 
examples across evolution 

OGT 

TemStaPro85 2.5 mil - Diverse proteins, multiple 
examples across evolution 

OGT 

Hait et al.313  700 1.6k Diverse protein pairs OGT 

 

Largest existing dataset of thermo-meso protein pairs 

The largest dataset of  mesophilic-thermophilic protein pairs to date was created by 

Hait et al.,313 with ~1600 pairs. The authors started with sequences with high resolution 3D 

structure from the protein data bank (PDB) and considered the organism’s OGT. The 

choice of OGT over TM as a thermostability label means that most structures found within 

the PDB are labeled (tens of thousands), far more than those with measured melting 

temperature. In order to identify proteins with the same or similar function (orthologs), one 

typically runs tools in an arsenal of sequence similarity searching strategies,106 and 

compares the aligned 3D structure using eg. RMSD. The accepted method for sequence 

ortholog detection of proteins using sequence alone is to use multiple sequence alignment 

(MSA) tools such as HMMER114,314 to known families of proteins. This is effective for 

finding very long range homologs, but relies on a validated set of seed sequences. To 

overcome this, the authors started with the local alignment tool BLAST108 to find putative 
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protein orthologs among mesophilic and thermophilic structures. Here, the statistical 

strength of homology is rigorously defined as the “expectation value” (E-value) expressed 

as the probability of finding the given alignment in a sequence of random amino acids, 

which is normalized by the length of both sequences and the search space. See section 

“Homology modeling”. Potential protein pairs were then filtered by labeling domains 

using validated Pfam families,315 an external database of MSAs. It is worth noting again 

that even with these strategies, same-function proteins across species are difficult to 

rigorously label, and “function” in a protein can be ambiguous.316 The authors started from 

a small set of proteins with known 3D structure from PDB, so the dataset produced by this 

work contains only a few thousand protein pairs, vastly less than the number of known 

proteins and too few to train a generalizable deep learning model. See Figure 3-4-right that 

shows that this dataset covers only a small portion of protein space. 

Applications of machine learning to protein engineering 

Machine learning has been incorporated to many parts of the protein engineering 

ecosystem and has been an accelerating force. Applications can broadly be categorized as 

follows: targeted predictors, active learning predictors, generalized predictors, sequence to 

structure models, structure to sequence designers, and targeted sequence variation 

modelers. Comprehensive surveys are given elsewhere, but here I summarize these 

applications and motivate NOMELT, a generalized sequence generator, in the remainder 

of this sub-section.76,317–320 Figure 3-2 gives and overview of the different applications of 

ML to protein Engineering. 
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Figure 3-2: Summative flow of protein information through various machine learning applications for protein 
engineering. All tools ultimately aim to accelerate the arrival at a protein with properties desirable for a 
particular application. Models allow for prediction of structure from sequence, and of sequence design from 
desired fold. Generative sequence models can produce novel protein sequences either spontaneously or 
conditioned on a particular MSA of sequences. Fitness and stability predictors can help rank or prioritize 
variants in directed evolution campaigns. These predictors are often trained on the assay data for the specific 
protein in question in order to help find global optimums within a library, but can also be trained on more 
diverse datasets thus far less qualitative than required for library selection. Zero-shot predictors, either trained 
on vast sets of unbaled sequences or sequences relevant to the protein of interest, have shown some ability 
to predict activity without labels, and can help filter libraries to develop better training sets for supervised 
predictors. 

Deep mutational scans or other variant libraries, when combined with an effective 

assay for a phenotype of interest like enzymatic activity, can be used to create protein 

specific predictors of the assay target.87,321,322 Here, mutations upon a parent sequence or 

whole sequences are encoded for a machine learning model in order to predict the activity 

label. These models can achieve impressive accuracy and accelerate the exploration of a 

protein’s functional landscape, e.g. during a directed evolution campaign.323–326 

Unfortunately, while these targeted predictors can vastly reduce the effort taken to identify 

a high performing variant, they rely on labeled data for the specific assay of interest, and 
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so significant experimental effort is still required for each use case. Another targeted 

strategy is to train models that learn the distribution of natural variation among the protein 

in order to rank variant activity.92,327,328 While their performance is impressive given that 

they require no labeled data, they do require a wide MSA of homologs for the protein of 

interest, which is not always available.329 Further, while their predictions are advantageous 

compared to random selection, in practice they are not accurate enough to select the global 

best performer, but instead used to create an effective training set for a supervised model.330 

When targeted predictors are wrapped around a component of uncertainty or 

exploration, e.g. in a Bayesian framework, or with advanced sampling methods, these 

acquisition functions can be used to optimally balance exploration and exploitation, for the 

same use case as a targeted predictor. Here variants are selected to maximize learning.331–

335 In experimental frameworks that allow for the expression of a specific sequence, one 

can even design active learning frameworks to generate the next variants instead of filter 

them.336 Again, though, this process must be conducted for each protein of interest. 

Recently, there have also been attempts to create generalized predictive models, 

trained on more than one protein target. There are many global targets like solubility, 

expressibility,337 and includes the target of this work: thermal stability. For example, the 

data described in section “Analysis of the modes used by nature to improve thermal 

stability” have been used to train machine learning models that are quite effective at 

predicting if a protein came from a thermophile or a mesophile and even somewhat accurate 

prediction of melting temperature or half activation temperature.134,146,338–340 While this is 

encouraging in that it shows that there is some amount of generally learnable signal for 

thermophilicity and thermal stability, the predictors are not (yet) accurate enough to guide 
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researchers to a global high performing variant. This is likely due to the lack in diversity 

in the training sets, where only a few protein families or species are represented.142 Most 

impressively, it has been shown that foundational language models, trained on vast sets of 

proteins in a self-supervised fashion, actually have some predictive power over variant 

activity.41,50,88,341 These models can be used to help screen initial libraries of variants like 

targeted predictors, albeit with an accuracy that necessitates the eventual training or 

incorporation of a supervised predictor.88,342 For the prediction of stability, they do not have 

the accuracy necessary to fully resolve close performers, see “Prediction of protein 

stability”. Additionally, given that these models are trained on huge sets of natural 

sequences, they are biased towards ambient or average conditions, and no model yet exists 

that explicitly tries to model high temperature proteins. 

It is worth mentioning specifically sequence-to-structure and structure-to-sequence 

design models. The impressive capability of the transformer attention mechanism along 

with the growing size of the protein 3D structure repository, PDB,343 has allowed 

researchers to create deep learning models for the translation between primary structure 

and tertiary structure in both directions.91,120,344–347 Attaining a 3D structure is critically 

important for developing and intuition as to a proteins mechanism and running downstream 

dynamic analysis. On the other hand, designing - at the very least a starting point - bespoke 

proteins de novo to e.g. to bind to a specific receptor has been made attainable with ML, 

with many designs being stable at ambient temperatures. These models have also been used 

to help predict protein binding.348,349 While transformative, these strategies do not address 

high temperature stability. 
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Lastly, it is becoming possible to directly model variation in protein sequence. For 

this use case, generative models are trained on homologs of a protein, and are able to 

sample from the family/group.336,350,351 This is useful when the experimental framework 

allows for the expression of full sequences, and can be helpful in introducing non-random 

variation into the library itself, as opposed to filtering large libraries with random variation. 

Unfortunately, this strategy requires a robust set of homologs, and is limited to the variation 

space provided by those input sequences. Again, it does not target high temperature 

stability, as the variation used to train these models is not specifically thermally stabilized. 

The model detailed and evaluated in “Leveraging neural machine translation for 

protein design” (NOMELT) is a sequence-to-sequence model designed to translate from 

ambient temperature protein regime to high temperature protein regime. Not only is this a 

novel strategy, but it attempts to fill a niche that none of the above methods fill 

simultaneously: it is a generative and generalized designer of protein sequence that 

specifically targets high temperature stability. 

Success of transformers on biological sequences 

 There have been recent attempts to translate the success of natural language 

processing technologies to the understanding of proteins. The analogy is a natural one: 

amino acids are words in a vocabulary, sequences of them are sentences, and the protein 

domain structure/function is the meaning. Much of the recent success in leveraging ML for 

protein engineering, as discussed in “Applications of machine learning to protein 

engineering”, is owed to the emergence of transformers. See “Attention based 

“transformers” for arbitrary sets” for details on this architecture. While there are some 

differences in protein and natural language applications, such as a vocabulary that is only 
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20 tokens (amino acids) that have some functional redundancy across tokens, it is clear that 

the success of transformer attention-based models can be leveraged for proteins using large 

unlabeled datasets. See “Representation of protein primary and tertiary structure” 

 Furthering the protein language analogy, the task of improving the thermal stability 

of a protein is akin to the classic dialect translation problem in NLP.352,353 Proteins in 

thermophiles have modified mechanisms of stability due to temperature’s effect on the 

enthalpic and entropic forces that stabilize the protein, but they still require the same 

function (meaning). Thus thermophiles have a different dialect of the protein language that 

provides them the same meaning but using slightly different syntax. With this in mind, the 

possibility that a transformer based NMT model could learn the difference in dialect 

between moderate and high temperature proteins – allowing for future translation of 

arbitrary proteins into thermally stable variants – is explored in the remainder of this 

chapter. Given that the largest dataset of “translations” (moderate temp and high 

temperature pairs) contains only ~1600 examples, thermostability as an NMT task has yet 

to be unlocked. 

Leveraging neural machine translation for protein design 

Developing a database of low and high temperature paired proteins 

To achieve a large dataset of pairs of homologous proteins across low and high 

temperature, OGT was leveraged as a label and 3D structure was not used as a starting 

point, unlike Hait et al.313 Specifically, existing growth temperature data was combined 
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with large sets of proteomes and 16s rRNA sequences, and finally searched for homologous 

sequences across temperature.  

It is well known that OGT and Tm are not equivalent, however a protein utilized by 

an organism must have stability of at least the temperature it is growing at. Indeed, it has 

been found that the relationship between OGT and Tm is approximately 24.4+0.93*OGT.354 

Thus, on average, a protein from an organism exhibiting a higher OGT will have higher 

thermal stability than proteins from a more ambient organism. This is clearly a more noisy 

metric for protein stability than Tm. An organism’s proteins occupy a distribution of 

melting temperatures, and OGT is a somewhat imprecise measurement.355 Optimal growth 

rate can occur over a range of temperatures, and is also media dependent. This noise is 

acceptable considering that any organism whose growth temperature has been studied can 

contribute its proteins (N=~4000 for prokaryotes) to a pool of labeled data, while the exact 

increase in temperature is not strictly necessary to infer patterns of improved stability.297 

The use of proteins labeled with OGT (millions) compared to those available with 

experimental Tm (thousands) lends itself towards leveraging complex NLP based sequence 

transformers.  

The use of proteins without 3D structure makes it especially challenging to pair 

same-function proteins, but unlocks millions of known protein sequences instead of tens 

of thousands of known structures. Even with structure, function is a somewhat ambiguous 

attribute: do structurally similar proteins with slightly different target ligands count as the 

same, or activity on the same ligand but with different strengths? Indeed, protein space is 

diffuse and overlapping, and crisply labeling function is an open question.89 Despite this, 

the goal can be more generally rephrased as seeking related proteins that likely occupy a 
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similar niche. Protein pairs were instead determined using pairwise-sequence alignments 

and a sample of the results validated using existing protein family models and alignment 

of AF2 predictions.91  

The pipeline to produce the dataset – entitled learn2therm – is depicted in Figure 3-

3 and detailed in this section. 

 
Figure 3-3: Workflow for labeling homologous protein pairs across temperature. Raw data included RefSeq 
16s rRNA sequences, OGT labels from Engqvist, UniProtKB proteome metadata and proteins. Proteome 
metadata was parsed to identify a single proteome for highly represented organisms, while retaining data for 
weakly studied taxa. Proteins were filtered such that only ones from the chosen proteomes and for which 
OGT labels were present were kept. Protein pair search space was filtered by first identifying pairs of related 
organisms via 16s rRNA alignment. Protein pairs were searched for by alignment of sequences. Final 
database tables are taxa, pairs of meso/thermo taxa, proteins, and pairs of meso/thermo proteins. 

To start, Archaeal and Bacterial 16s rRNA sequences, along with their associated 

NCBI taxonomy identifier (taxid) from NCBI BioProjects 33175 and 33317 were retrieved 

using the Entrez API.356,357 Only full sequences were retained, ranging from 1300 to 1600 

bases. When multiple sequences mapped to the same taxid, >98% identity was observed 

and the longest was retained. Curated OGTs, produced by Engqvist, were then 

downloaded.358 For cases with multiple OGTs corresponding to the same species taxid, the 

average was used. The OGTs and 16s rRNA sequences were subsequently linked via taxid, 

generating a table with both quantities measured. For the next steps, organisms with OGT 
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>40 oC were labeled as thermophiles. It should be noted that this information is tracked, 

enabling a user to filter data using a more stringent thermophilic label, such as 60 oC. 

Archaeal and Bacterial protein sequences were downloaded from UniProtKB.359 

UniProtKB Proteome metadata was also retrieved to minimize redundancy while 

preserving taxonomic diversity.  For strains with multiple proteomes, if any, a single 

proteome was selected based on UniProt’s priority labels: “Reference and representative 

proteome”, “Reference proteome”, “Representative proteome”. If these labels were absent, 

“Redundant proteome” and “Excluded proteome” were discarded, and the most populous 

remaining proteome was selected. This process was repeated at the species level. Protein 

data files were parsed for primary sequence, host organism taxid, PDB, and AlphaFold 

database ID. Proteins not mapping to an organism in the taxa table were discarded. If a 

protein mapped to a proteome, it was retained if it belonged to the priority proteome 

identified for the organism, or if the priority proteome for the organism contained fewer 

than 2000 proteins. This avoided dataset saturation with model organism proteins while 

still including novel or infrequently studied proteins.  

To provide context-dependent information on protein thermal stability, pairs of 

proteins must be identified from a large pool of thermophilic and mesophilic ones. To do 

this, homologous sequences were identified using a BLAST-like local alignment.111 The 

search space, considering only proteins <250 amino acids, was approximately 4.5 trillion 

pairs. A full pairwise BLAST-like search given the protein data space was projected to cost 

an unacceptable amount of carbon at 50,000 kg. To mitigate this, the search space was 

filtered by identifying evolutionarily related taxa across temperatures. Using BLASTn, 16s 

rRNA sequences for mesophilic and thermophilic organisms were aligned. This sequence 
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evolves slowly and is frequently used for inferring taxonomic relationships.360–362 See 

Appendix C.1.3 for alignment parameters. Any organism with >81% gap compressed 

sequence identity and >98.5% coverage on both strands was considered a taxa pair for the 

subsequent protein homolog searches, resulting in 150k taxa pairs and a search space of 

230 billion possible protein pairs. The taxonomic breakdown and protein contributions of 

these pairs are depicted in Fig. 3-4-left. 

Using DIAMOND, pairwise local sequence alignments were executed for each 

thermophilic-mesophilic taxa pair, considering only proteins of 250 amino acids or less. A 

resource test indicated that DIAMOND had a twofold speed increase over BLAST, while 

preserving sensitivity (see Appendix C.1.4 for alignment parameters and a comparison with 

BLASTp). Several alignment metrics such as percent identity and alignment coverage were 

monitored (refer to Appendix C.1.2 for a comprehensive list and definitions).  This process 

yielded 69 million putative protein pairs with an E-value less than 1e-4 and over 75% 

coverage of both sequences. Using a stricter definition of thermophilicity (OGT >60 oC), 

the number of protein pairs reduces to 9 million. Despite this reduction, the dataset remains 

significantly larger than any existing homologous sequence collection across 

temperature.313 The protein space occupied by protein pairs is depicted in Figure 3-4-right, 

covering much of known protein space however with notable gaps, likely due to lack of 

sensitivity of DIAMOND to find distant homologs across temperature. Summary statistics 

for the dataset are given in Table 3-2, and Figure 3-5 shows that while the majority of 

protein pairs have minor temperature differences, millions of protein pairs are still retained 

when ΔOGT >30 oC. 
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Table 3-2: Number of various entities in the dataset all with temperature labels. Organism and protein pairs 
were identified via local alignment, thus not all taxa/proteins participate in pairing, and those that do may 
occur multiple times. 

Number of 
organisms (in pairs) 

Number of 
proteins (in pairs) 

Number of 
organism pairs 

Number of 
protein pairs 

 9,536 (5,028) 24 mil (4 mil) 150 k 69 mil 

 

 
Figure 3-4: The taxonomic and protein space covered by the protein homologous pairs (N=69 mil) within the 
dataset. Left) NCBI taxonomic breakdown of the dataset.363 The outer ring depicts super kingdom, Phylum, 
Class, and Order, where the size of wedges indicates the number of organisms in the classification that contain 
at least one protein in a learn2therm protein pair. Highly populated Phylum and Class are labelled. The inner 
ring moving inward is a histogram of the number of proteins participating in pairs per organism followed by 
a colour mapping labelling organisms as mesophilic in blue and thermophilic in red. Central connections 
indicate taxa pairs contributing to protein pairs. Right) Two dimensional mapping (using t-SNE) of a sample 
protein space as determined by Evolutionary Scale Model (ESM) embeddings.50 In blue, a sample of data 
from the ESM Atlas with highest structural confidence. Note that this data contains eukaryotic proteins. In 
yellow, our proteins in pairs, and in orange, the current largest set of protein pairs across temperature. Size 
of samples conserves relative size of our proteins vs. the Atlas and reference dataset. For details of the 
mapping procedure, see Appendix C.1.8.  
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Figure 3-5: The data distribution as a function of 
difference in growth temperature between items. top) 
Histogram of difference in OGT between pairs of 
organisms. The data is skewed towards 0, but there are 
still many pairs with temperature differences >30 oC. 
bottom) Count of protein pairs remaining as minimum 
OGT difference is increased. Nearly 14 mil protein 
pairs are retained with OGT difference >=30 oC. 

The entire process of developing the dataset, from extraction of raw data to 

downstream validation steps (see Validation of protein pairs) is tracked using data version 

control (DVC).364 Thus, the complete history of how the data changed as the code was 

developed and the parameters were changed (e.g. maximum protein length, minimum 

alignment metrics etc.) is available. Additionally, the pipeline can be rerun with a single 

command after environment and computing cluster configuration. The data tables created 

in this process (taxa, proteins, taxa_pairs, and pairs) were collected and linked as a 
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relational database using DuckDB, allowing for fast access and filtering of the data.365  A 

key subset of tunable parameters is shown in Table 3-3 along with the values used for the 

presented data. The carbon cost of compute consuming steps in the pipeline was estimated 

using CodeCarbon at 11.5 kg. The total cost of developing the method was estimated at 70 

kg. A comprehensive description of the pipeline steps and parameters is given in Appendix 

C.1.1. 

Table 3-3: A small selection of tunable parameters used to produce the final dataset. 

Parameter/s Description Published 
value 

OGT threshold Binary threshold to split organisms into 
mesophiles and thermophiles. 

40.0 oC 

16s alignment 
coverage 

Minimum alignment coverage (both strands) of 
16s rRNA sequence to be considered a taxa pair 

98.5% 

16s alignment % 
id 

Minimum alignment gap compressed percent 
identity of 16s rRNA sequence to be considered a 
taxa pair 

81% 

protein alignment 
coverage 

Minimum alignment coverage (both strands) of 
protein sequence to be considered a protein pair 

75% 

protein alignment 
E values 

Maximum E value of protein alignment to be 
considered a protein pair 

1e-4 

 

The dataset consists of four main tables: ‘taxa’, ‘proteins’, ‘taxa_pairs’ and (protein) 

‘pairs’. An abbreviated schema detailing the relationships between these tables is 

illustrated in Figure 3-6. For a more detailed schema and a comprehensive description of 

each field, please refer to Appendix C.1.5. The dataset is not only free and openly available, 

but the code pipeline is open source and parameterized such that users can customize the 

data.28 
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Figure 3-6: Abbreviated schema for the presented database. The taxa table contains NCBI taxonomic 
information, from superkingdom to species, as well as 16s rRNA sequence and OGT. The protein table 
contains protein sequence and external database links. The taxa_pairs and pairs table contain metrics for 
alignment for 16s rRNA sequences and protein sequences, respectively. 

Validation of protein pairs 

In order to confirm that the protein pairs produced in the database were valid, 

homologous pairs across temperature, a few additional steps were undertaken. First, 

proteins were mapped to existing published datasets and the OGT labels confirmed. 

Additionally, remote homology HMM search was used to compare protein pairs by 

applying known protein family labels. Structural and sequence alignments were undertaken 

and the results compared to the results from the largest existing dataset of protein pairs. 

Lastly, a growth temperature predictor was trained to identify signal in the labeling. These 

steps are described in the remainder of this subsection. 

To ensure a proper mapping of OGT label to protein, learn2therm proteins were 

joined with enzymes from Engqvist et al.84 via UniProt ID. Comparing the labels for the 

records in both datasets (N=1.6 mil) yields an R2 of 0.995. Some small differences in OGT 
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labels arise due to the strain aggregation procedure, described in Developing a database of 

low and high temperature paired proteins. 

To validate that the OGT is a suitable substitute for melting temperature as a measure 

of thermal stability, and to ensure that temperature data has been accurately mapped, 

proteins within the dataset were queried against existing melting temperature datasets. 

Wild type proteins from FireProtDB and the Meltome atlas were paired to proteins within 

the learn2them dataset using >99% coverage and identity, yielding 4,640 proteins with 

both internal OGT labels and external TM labels.150,151 A Spearman’s correlation of 0.85 

with a p-value of 0.0 was observed between these two quantities, suggesting a strong 

correlation. Furthermore, a binomial test was performed to determine if the melting 

temperature has a >99% chance of being greater than OGT, yielding a P-value of 2.68e-19. 

Figure 3-7 provides a parity plot of these two values. This analysis indicates that the trend 

observed in an organism’s protein melting temperatures is reflected in its growth 

temperature. 
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Figure 3-7: Melting temperature vs OGT, using data from 
two third party databases. The black dashed line is identity, 
and almost all examples fall on the side of TM > OGT. The 
adage that melting temperature is greater than OGT is clearly 
supported, with a Spearman’s of 0.85 (P value 0.0), and a 
binomial test of >99% chance of passing with alternative P-
value 2.68e-19. 

Hait et al. previously produced the current largest dataset of functional protein pairs 

across temperature at 1.6k pairs by starting with structures of PDB entries.313 This dataset 

served as a benchmark, with the quality of their protein pairs used for comparison. To 

facilitate this comparison, their pairs were aligned using DIAMOND, and the alignment 

metrics compared to those from learn2therm.111 Statistically similar or even superior 

alignment scores to the baseline were observed in the learn2therm dataset, as depicted in 

Table 3-4. Distributions of alignment percent identity and homology (as indicated by 

normalized bit score) are presented for both our data and the baseline pairs in Figure 3-8a-

b. Further comparisons given in the table and figure are discussed below. 
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Table 3-4: Statistical comparison of learn2therm protein pairs to Hait et al.’s pairs. The base set of protein 
pairs (alignment coverage >75%) as well as a subset (N=24 mil, coverage >95%) are shown. Percent identity, 
bit score (normalized to the average length of both proteins), and Pfam annotation Jaccard score are t-tests, 
while output P-value of structural alignment was treated as a binary if smaller than 0.001. For all metrics, 
learn2therm pairs meet the baseline on average for the subset with >90% alignment coverage, and most are 
still quality for the full set. Statistical significance is bolded. 

Score Statistical Test Probability 
(Cov>75) 

Probability 
(Cov>95) 

Normalized percent 
identity 

left t 1.75e-6 6.06e-155 

Normalized bit score left t 1.94e-8 9.47e-117 

Pfam Jaccard left t 0.99 3.24e-13 

Structural P score binomial  P<0.001 <0.001 <0.001 
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Figure 3-8: Comparison of protein pair quality between learn2therm data and Hait et al.’s 1660 protein 
pairs.313 a) Empirical distribution of local alignment homology as bit score normalized to the average length 
of both protein strands. The data has a right shifted score on average with t-test probability=1.94e-8.  b) Same 
as A, except with percent identity. The data has a right shifted score on average with t-test probability=1.75e-
6. c) Empirical distribution of Jaccard score over Pfam annotations for learn2therm data (blue) compared to 
the baseline data (orange). The full data has more annotation mismatches on average. When only the 25 mil 
protein pairs with BLAST coverage >95% are considered, the Pfam annotations become indistinguishable 
from the baseline with t-test probability=3.24e-13. d) Cumulative distribution of FATCAT structural 
alignment P-value for bins in BLAST coverage uniformly sampled from learn2therm data, compared to the 
baseline structural alignments. Even low coverage pairs are more likely to have less than one in a thousand 
P-value with binomial confidence >99% . 

Pfam was used to annotate proteins in both the learn2therm dataset and Hait’s 

pairs.314,315 Retaining matches with an E-value < 1e-10 (normalized using the size of Pfam 
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35.0) resulted in 86.1% of learn2therm proteins and 99.8% of Hait’s proteins being labelled 

with at least one annotation. This suggests that learn2therm data include novel proteins not 

extensively represented in Pfam. The quality of a protein pair according to Pfam was 

evaluated by calculating the set Jaccard score of accession annotations (Appendix C.1.6 

Eq. C.1.6). Only pairs where at least one member was labelled with at least one annotation 

was considered, as the remaining are out of scope for Pfam. Although learn2therm data 

contain slightly more annotation mismatches, if only the N=24 million pairs with >95% 

sequence alignment coverage are considered, the scores are indistinguishable from the 

baseline pairs, with a t-test probability of 3.24e-13. The score distributions for both datasets 

are compared in Figure 3-8c. A detailed description of this search is available in Appendix 

C.1.6. Homology searches using HMMs are highly sensitive to evolutionary distance, 

suggesting that true pairs of proteins with the same or similar functions are likely to share 

Pfam annotations, if available.106  

FATCAT was used to align PDB structure of the baseline pairs with flexible 

alignment.119,343 Chain A was chosen if present. This flexible protein structure alignment 

algorithm provides an empirically scaled score “P-value” which indicates the likelihood 

that the raw alignment score were to occur between two random proteins, thus a P-value 

close to 0.0 indicates a quality structural overlap. This process was repeated for 

learn2therm protein pairs using PDB structures where available, otherwise utilizing AF2 

predicted structures form their database.91,120 For learn2therm protein pairs, a subset of 10k 

pairs was used due to computational cost limitations of structural alignment. This sample 

came uniformly from 5 bins in sequence alignment coverage between 75% (the dataset 

minimum) and 100%. The cumulative distribution of probability scores from FATCAT for 



 113 

each of these subsets is given in Figure 3-8d, where learn2therm protein pairs have 

alignments even less likely to be observed randomly than the already quality baseline. To 

compare the alignment results to the baseline statistically, a binary problem was considered 

where FATCAT probability of occurring randomly less than one in a thousand is labeled a 

quality protein pair. Conducting a binomial test, even pairs with sequence alignment 

coverage <80% are indistinguishable from the baseline, and higher alignment coverage 

yields structural alignment with smaller P-values than Hait’s on average with >99.9% 

confidence. 

Approaching protein thermal stability as a translation task 

With the goal of creating a translator to introduce thermally stabilizing variation into 

engineering target proteins in mind, it is critical that the choice to approximate stability as 

organism level optimal growth temperature contains enough signal to learn. This 

relationship between protein sequence and OGT has been touched on in other work, where 

the authors were able to relate or predict organism OGT based solely on genomic and 

proteomic features. 277,338,355 In the work by Sauer et al., a predictor had a mean error of ~5 

Celsius. This makes sense, as OGT is a somewhat imprecise measurement: a reported OGT 

of 25 oC is nominally if at all different than 30 oC. It is necessary to confirm that it is 

possible to resolve a difference in OGT for the learn2therm dataset before training a 

translator. To facilitate this test, the data was preprocessed using the following steps: 

binarization by OGT <30 oC or >=60 oC, class balancing, deduplication of similar 

sequences, and splitting based on NCBI taxonomy of host species, resulting in a training 

and test set of 290k and 28k proteins respectively, each labeled as mesophilic or 

thermophilic (see Appendix C.1.7 for details on the rigorous preprocessing conducted). 
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A recent predictor, TemStaPro, was executed on the test set of 28k proteins.85 This 

model is an ensemble of neural networks trained on top of the output embeddings of 

ProtT5XL, a Large Protein Language Model (LPLM).41 The TemStaPro ensemble outputs 

predictions in bins of 5 oC between ‘<40’ and ‘65<=’, and conducts a self-consistency 

check between ensembles. For the data, the model was consistent for 95.5% of examples, 

and of those, predicted the correct class with 91% accuracy compared to a null model of 

predicting the majority class with 61% accuracy. The distribution of predictions is shown 

in Figure 3-9 below, where the model is clearly a predictor of >=60 and <30 oC labels. 

 
Figure 3-9: Predictions on a learn2therm protein test set 
by TemStaPro.85 Thermophilic label is >=60 oC versus 
<30 oC. The model made very few predictions between 
these two quantities where there is no data, as expected, 
and was able to recover the actual classes with 91% 
accuracy. 

Given that TemStaPro was trained on UniParc proteins, it is possible that the model 

has seen data from this test set before. To ensure that high performance was not due to data 

leakage, a new model was trained on the development set of the data. In order to save on 

training cost and carbon, ProteinBERT, a LPLM, was finetuned.366 The training parameters 
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and architectural details can be found in Appendix C.1.7. The performance on the held out 

test set is shown in Table 3-5 below. The model was highly predictive, confirming that the 

dataset of proteins and OGTs retain signal.  

Table 3-5: Test set performance of a fine tuned LPLM. 

Balanced 
Accuracy 

F1 
Score 

Matthew’s 
Correlation 

Confusion Matrix 

92.5% 0.91 0.85 [16069, 1459, 671, 10296] 

 

It was clear that the data can support the foundational machine learning task of 

thermophilic classification, and has the resolution required for a transformer model to 

differential low and high temperature proteins. With the addition of homologous pairing, 

the data can support the training of a seq2seq translator. In order to save on carbon cost, 

the foundational protein encoder-decoder transformer model ProtT541 was used as a 

starting point. This model was trained in a self-supervised manner to reconstruct protein 

sequences, and it is one of few existing foundational protein models that is capable of 

causal language generation out of the box.  

The original learn2therm dataset was filtered according to the findings for the OGT 

predictor. Only pairs with a mesophilic temperature of <=40oC and a thermophilic one of 

>=60oC were kept. The protein pairs themselves were filtered such that only those with 

>95% sequence alignment coverage of both strands were kept, and the difference in 

sequence length less than or equal to 10%. This produced 4.7 million protein pairs. Due to 

redundancy and high sequence similarity among homologs in the dataset and the desire for 

functionality across a diverse set of proteins, uniform random splitting of the data would 

have been a blatant leakage and invalidate validation and test set performance. A more 
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rigorous splitting strategy was necessary because the underlying assumption in canonical 

ML tasks such as image processing, e.g. that the data are IID, is critically incorrect for 

protein sequences due to evolutionary relationships. Splitting is not an exact science, see 

section Data splitting for effective evaluation of trained models. Here, the dataset was 

clustered withMMSeq2 at 50% identity using the cascading connected component method, 

which resulted in 85k clusters. See Appendix C.2.3 for MMSeqs2 parameters. After 

splitting, an average E-value of test sequences against train sequences of 1.6e-4 according 

to blast alignments (See Appendix C.2.1 for BLAST parameters) was observed, which is 

consistent with existing splits in the literature.93 The test and validation set was further 

filtered to only include a single random protein from each cluster in its split, in order to 

eliminate large and populated clusters from dominating evaluation. Only 1000 of these 

filtered sequences for each set were retained due to the expense of model validation and 

BEAM searches. This set of sequence pairs is used for scoring of the model in 

“Thermophilic sequences can be recapitulated from mesophilic homologs” and “Known 

thermophilic protein attributes are captured by NOMELT”, while all of the data was 

combined to train a final model variant for downstream engineering applications in 

“NOMELT as an Engineer”. 

The hyperparameters used to train the model are summarized in Table 3-6 below, 

which includes both the model used for test evaluation, and a final model trained on all of 

the data. Note that these are the result of a small amount of hyperparmater optimization, 

briefly described in the next section. The data preparation and model training was tracked 

with DVC, and the entire set of hyperparameter knobs able to be modified is given in 

Appendix C.2.4 along with the T5 model pytorch printout. The model takes approximately 
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9 hours to train using 8 NVIDIA a40 GPUs with DeepSpeed ZeRO-3 configuration. This 

corresponds to about 4.8 kg of approximate CO2 emissions on the Washington State energy 

grid.  
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Table 3-6: Major hyperparameters for the meso-2-thermo NMT. The Eval Model was used to compute 
aggregate performance metrics for a held out test set, while the full model was trained on all data and used 
for downstream case studies. *Epochs were determined by the early stopping point of the Eval Model. 

Hyperparameter Value 
 

Eval Model Full Model 

Data Hyperparameters 

Meso/Thermo OGT Window 40oC/60oC 40oC/60oC 

Minumum sequence coverage both 
strands 

95% 95% 

Max sequence length difference 10% 10% 

MMSeqs2 %id threshold 50% - 

Data size (train/val/test) 4m/1000/1000 4.7m/0/0 

Model Hyperparameters 

Model parameter count 2.8b 2.8b 

Frozen layers/trainable layers per 
encoder and decoder, from bottom 

4/20 4/20 

Effective batch size 1120 1120 

Max learning rate 1e-4 1e-4 

Learning rate schedule Linear, 10% warmup 
to 1 epoch 

Linear, 10% warmup 
to 1 epoch 

Parameter precision bf16 bf16 

Optimizer AdamW (0.9, 0.999) AdamW (0.9, 0.999) 

Loss CrossEntropy CrossEntropy 

Label smoothing factor 0.001 0.001 

Dropout rate 10% 10% 

Early Stopping Threshold 0.01 - 

Early Stopping Patience 4 - 

Epochs 0.18 0.18* 
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Thermophilic sequences can be recapitulated from mesophilic homologs 

It is known that proteins among a family can have as little as 20% identity and still 

retain same-or-similar function, and that residues on the length of the protein can occupy a 

distribution of amino acids and can include gaps and insertions between sequences.367 

Thus, we would not expect nor want the model to perfectly recover every thermophilic 

amino acid in a particular protein pair. This means that the measure of success is not as 

clear as more canonical DL applications where there is one or a small set of synonymous 

correct answers. As a baseline performance to target, the current standard for introducing 

non-random protein variation targeting stability was used: natural variation. Consider the 

rare situation for which the design target has many known thermotolerant variants. In such 

a case, optimizing over natural sequence space will quickly saturate to quality stabilization. 

It is desirable to achieve close to or similar performance to this method, but without the 

need for constructing an MSA over known thermophilic homologs. To measure this 

quantitatively, cross entropy over residues according to Eq. 0-3 is considered, which can 

be compute for an MSA as well as for model predictions. MSAs for thermophilic protein 

sequences were constructed using jackhammer for the 1,000 test sequences against all 

learn2therm thermophilic proteins. See Appendix C.2.2 for the alignment parameters. The 

cross entropy over the distribution of amino acids per position in these MSAs against the 

ground truth thermophilic sequence at each position serves as the baseline at 0.94 on 

average. For further reference, the null alternative of uniform random for the data is a cross 

entropy of 3.0.  

The data that the model was trained on is redundant among protein pairs, as seen in 

Figure 3-11, where the probability density of the number of times a particular sequence is 
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seen in the training set for mesophilic and thermophilic sequences is shown. Each 

thermophilic sequence to be constructed has on average 107 mesophilic counterparts, and 

7 for the inverse. This was desirable as NOMELT had some redundancy across 

evolutionary space to learn from, in order to try to meet the natural baseline. 

 

 
Figure 3-11: Density of replicate counts for mesophilic 
and thermophilic sequences occurring in the training 
set. The most common number of replicates for both 
the input and the target sequences is one, however the 
majority of proteins occur multiple times (paired to a 
different homolog) in the training set. Thermophilic 
replicates are right skewed, as homologous protein 
pairs were identified from a much larger group of 
mesophilic sequences to a smaller set of thermophilic 
ones. 

Ideally, many hyperparameter values would be tested and the effect on the validation 

loss measured until the natural baseline is met. Unfortunately, a rigorous optimization of 

all the hyperparameters was not possible due to computational cost, but a few different 

hyperparameters were varied in low throughput single point tests, including label 

smoothing, reweighing examples for the loss function by inverse MMSeqs cluster size, 

freezing early layers in the model, and clustering parameters, which resulted in the final 
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values in Table 3-6. Freezing layers of the model had a minor negative affect on the loss 

but a linearly positive one on training cost, so it was chosen to freeze the first 20% of layers, 

for loss change of 1.77 to 1.81 compared to freezing no layers. Most of the model 

hyperparameters tested had little to no effect, with the exception of the rigor of the 

MMSeq2 cluster splitting. The cross-entropy validation loss is shown in Figure 3-10 below, 

which shows that using <50% sequence identity as a cluster threshold resulted in 

performance worse than the natural (albeit more cumbersome) baseline.  

  
Figure 3-10: Validation set loss of trained models as a 
function of the MMSeqs2 clustering percent identity 
threshold used to split data, in blue. Only after the rigor 
of splitting is reduced to 50% identity did the model 
perform as well as natural variation. This indicates that, 
while the model does not require an MSA of high 
temperature homologs to generate variation like the 
natural method, it does require that the target protein 
have similar examples in the training set. 

From the perspective of generalizability in large protein models not specific to a 

particular family, it is desirable to drive the similarity (in this case cluster identity 

threshold) between data splits as far down as possible. The best base scenario is to produce 
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a model that still performs well when given a protein that has zero likeness to any protein 

in the training set, e.g. a novel sequence of amino acids not even distantly homologous to 

any training set examples. This is unreasonable, however, as deep models are known to be 

unpredictable when extrapolating.368,369 Indeed, even hugely complex, state of the art deep 

learning applications for proteins must have seen some amount of similar morphology 

during training; CAMEO, the validation set for AlphaFold2, guarantees only <85% 

sequence identity at 70% coverage to known experimental structures.86 For existing deep 

predictors based on protein language models, we see that performance is significantly 

impacted by the scale over evolution seen during training, and the downstream tasks are 

either protein specific or have >30% id observed across splits.41,78,370 Thus, these results 

are not unexpected.  

The test loss of the model after the small hyperparameters exploration is 0.9, which 

meets the loss over natural variation of 0.94. This indicates that the model is better at 

predicting the true amino acid at a position than treating each position independently and 

sampling the most probable residue from natural amino acid distribution over thermophilic 

homologs. Thus, it is expected that the model could integrate thermophilic variation as well 

on average as if one were to build an MSA over known thermophilic homologs without 

needing a single thermophilic sequence, let alone to find a set of them and build that 

thermophilic MSA, contingent that the engineering target has about 50% identity with at 

least one training example. In “NOMELT as an Engineer” we see that there is at least some 

capability for engineering targets even when this requirement is not met. A number of 

additional metrics were computed on the test set as detailed below and summarized in 

Table 3-7. 
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In addition to cross entropy, which is residue-wise, a few metrics were computed by 

comparing the ground truth thermophilic sequence to a BEAM search over the model’s 

autoregressive output, e.g. a single “translated” sequence. Of note, the model generated 

sequences with a 2.3% difference in length on average (shorter or longer) compared to the 

true thermophilic sequence, and had a transcription error rate of 47%, indicating that 53% 

of the time the model placed the exact correct amino acid in the correct position. Note that 

the error rate does not consider homology/analogous amino acids, or gaps and deletions, 

and is normalized with respect to the total number of test residues, as opposed to the 

number of test sequences. Each generated sequence was also aligned to its true test 

thermophilic sequence yielding full length alignment identities between 4.5% and 100% 

with an average of 43%, and bits-per-residue of 2.4 according to the BLOSUM62 scoring 

matrix. A depiction of the similarity between the generated sequence, its ground truth label, 

and the mesophilic input is given in Figure 3-12. The majority of model predictions were 

closer to the label than the mesophilic and thermophilic counterparts were to each other, 

and when untrue, the model was likely to fall back to a prediction similar to the mesophilic 

sequence. Only 19% of the time was the generated sequence further from both the 

mesophilic and thermophilic sequence in identity than they were from each other.  

Structural similarity was also compared by running ESMFold prediction on both the 

ground truth and the BEAM search output in the test set. The secondary structure of 

sequences was labeled using pyDSSP.371 The difference in categorical distribution of 

Helix, Strand, and Loop residues for each pair of generated-ground truth sequence was 

measured by the Jenson-Shannon divergence. With a value of 0.01 on average, the model 

was correctly transcribing the expected secondary structures in target proteins. Further, 3D 
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alignment of the generated and thermophilic predicted structures using FATCAT produces 

a mean P-value of 0.01 and a max of 0.1, indicating that the generated sequences were 

close in structure to the ground truth, according to ESMFold and FATCAT. 
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Table 3-7: Scores of the model for recapitulating the test set. “Residue” scores were computed on a per-
amino acid basis, “Sequence” scores were computed by comparing full sequences, and “Structure” were 
derived from comparison of ESMFold structure prediction. *Does not use the NOMELT model, but instead 
natural variation over thermophilic homologs. 

Test Metric Value Type 

Cross Entropy Loss 0.90 Residue 

MSA Cross Entropy Loss 0.94 Natural*, Residue 

Transcription Error Rate 47% Sequence 

Sequence Identity 43% Sequence 

Bits per residue, BLOSUM62 2.4 Sequence 

Jenson-Shannon Secondary Structure 0.01 Structure 

FATCAT Structural Alignment P-value 0.01 Structure 

 

 
Figure 3-12: Percent identity between test set generated sequences and both the corresponding thermophilic 
label and mesophilic input. A) the hypothetical 2D protein space depicting the mesophilic and thermophilic 
proteins in a pair, where traversing the space is dis-identity of the aligned sequence. The meso-thermo percent 
identity is depicted as dashed line. In green, the translated protein is closer to both the mesophilic and 
thermophilic protein than they are to each other, and it is closest to the thermophilic sequence. Blue is the 
same description as green except close to the mesophilic sequence than the thermophilic one. These sectors 
are similar to the model “interpolating” the sequences. In purple, the generated sequence is similar to the 
desired thermophilic sequence, but it is more distant from the mesophilic sequence than the protein pair is to 
each other. This is akin to an extrapolation. Orange is also “extrapolative” but the translated sequence is 
similar to the input sequence. In red, predictions are further from both the mesophilic and thermophilic 
sequences than they are from each other. B) The additional percent identity (positive is more identical) of the 
generated sequence to the mesophilic (x-axis) and thermophilic (y-axis) over the percent identity of the meso-
thermo pair. Color corresponds to positions in A).  
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Known thermophilic protein attributes are captured by NOMELT 

The community has been searching through the pool of thermophilic proteins for 

years in order to determine the rules and modes of high temperature stability.29,308 While 

the general consensus is that there is no universal set of rules, with high temperature 

stability being highly sequence-dependent, a few notable observations are widely accepted. 

Firstly, it is known that thermophiles leverage a different distribution of amino acids than 

do mesophiles.372 The distributions of amino acids for model-generated sequences was 

measured, e.g. the proportion over all residues in the data of each amino acid. In Figure 3-

13, we can see the change in AA prevalence between thermophilic and mesophilic for 

model-generated sequences followed the previously reported values in direction and 

magnitude. Note that the literature values are derived from only 16 proteomes, and the data 

and model observations differed in magnitude for some amino acids. 

 
Figure 3-13: Change in Amino Acids frequencies between 
mesophilic proteins and thermophilic ones. In black, values 
derived from 16 proteomes in literature.372 In orange, the test 
set of the protein pair data, and in purple, generated 
sequences by the model. Statistically significant shifts 
determined in literature are highlighted in blue. For almost 
all significant amino acids, the data has about the same 
direction in shift as identified from reference proteomes, 
with most being the correct order of magnitude. The 
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generated sequences recapitulated the distribution observed 
in the data. 

Next, it is accepted that thermophiles tend to leverage disulfide bonds to a greater 

extent than do mesophiles.302 The model outputs were probed for the predicted likelihood 

(Eq. 0-4) of cysteine to determine if it understands the importance of such bonds for high 

temperature stability. It was found that the model is significantly more likely to place a 

cysteine in the sequence to complete a disulfide bond than to place one that does not form 

a bond (P-value < 8.8e-22), as seen in Figure 3-14. Bonded and non-bonded cysteine were 

determined by identifying disulfide bonds in thermophilic and generated sequences using 

the ESMFold prediction of structure and a heuristic Ca threshold length of 7.5 Å.373  

 
Figure 3-14: Model predicted log likelihood of Cysteine residues for 
positions that would or wouldn’t form a disulfide bond with another 
cysteine in the predicted structure (Cα distance <7.5Å373). In green, the 
log likelihood of an amino acid assuming random uniform. For residues 
where the Cysteine would not form a bond with an existing Cysteine, the 
model has little Cysteine bias, sometimes predicting Cysteine with high 
probability and other times choosing different amino acids. For residue 
positions that would form a disulfide bond, the model has a very heavy 
bias towards predicting Cysteine. 

Strictly speaking, the model was trained to convert proteins to look more like 

thermophilic variants, which is not a direct measure of high temperature stability. To probe 

the stability, the recently developed mAF-min method was adapted by normalizing by 
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sequence length. See Section “Protein Structure and Thermal Stability Estimation” for 

details. For the test set examples, the estimated stability of the ground truth thermophilic 

homolog and the model translation was compared to the prediction for the mesophilic 

protein. Both were estimated to be more stable than the mesophilic protein on average with 

statistical significance, and the generated sequence scored even better than ground truth. 

This indicates that the model was successful at learning aspects of stability from 

thermophilic proteins and may be combining stabilizing strategies from diverse sequences 

in ways that were not occurring in individual test examples, contingent on the mAF-min 

method being qualitative for these proteins. See Figure 3-15, below. 

 

Figure 3-15: Shift in stability from mesophilic protein, according 
to the mAF-min method. Ground truth thermophilic sequences, 
were stabilizing on average, with 56% of examples in the dataset 
having >95% confidence of having a high folding free energy 
change. The sequences generated by the model on the test also 
set capture increased stability, with 72% meeting the >95% 
interval. 
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NOMELT as an Engineer 

The purpose of training NOMELT was to fill a unique niche for accelerating protein 

engineering: a generative and generalized designer of protein sequence that specifically 

targets high temperature stability. The process of developing a dataset and training a neural 

machine translator of mesophilic to thermophilic proteins was strictly an attempt to fill this 

niche. To evaluate this, Engrailed Homeodomain (En-HD) is considered as a test case.374 

This small transcription factor has been extensively studied in the past: it is extremely fast 

to simulate in molecular dynamics simulations, which have been used to estimate the 

thermal stability of this protein, and it has previously been engineered to >98oC melting 

temperature from the wild type 56 oC.154 A depiction of the protein is given in Figure 3-16. 

Note that there are no homologs of this eukaryotic protein in the NOMELT training dataset; 

a BLASTp search was conducted for En-HD on the dataset set and the best hit had an E-

value of 1.6 and a coverage of 40% (See Appendix C.2.1 for BLAST parameters).  

 

Figure 3-16: Engrailed Homeodomain (En-HD) 3D 
structure.374 

NOMELT was given En-HD as a mesophilic input and a BEAM search with 

temperature 1.0 and 10 beams produced an output sequence with 14 suggested mutations 
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(insertions and deletions included) when aligned with the wild type protein using a 

BLOSUM62 Smith-Waterman alignment. The parameters for this alignment can be found 

in Table C.2.1 in the Appendix. The raw model output was about the same stability as the 

wild type according to mAF-min (See “Protein Structure and Thermal Stability 

Estimation”) with 2.36 and 2.34 respectively (more positive is more stable). For reference, 

a previously engineered En-HD variant engineered by consensus over many homologs has 

a score of 2.58, which is much more stable according to the estimator.375  While the raw 

model output did not confer a significant estimated increase in stability, NOMELT should 

be viewed as a generator of variation rather than a single-pass engineer, given that the 

model may be introducing variation picked up from nature that does not directly impact 

thermal stability. This yielded a library size of 16,384 considering 14 binary mutations to 

search over.  

Ten rounds of NSGA-ii evolutionary optimization was conducted each with a 

population size of 10 using the mAF-min method as an objective function. This is an in 

silico analogy to creating a recombination library of the wild type and the NOMELT 

engineered variants. These rounds explore only 0.6% of the library, but are able to improve 

the stability score of En-HD to 2.51, or 71% compared to that of the previously engineered 

variant, using NOMELT suggested mutations. Note that NOMELT requires only a single 

input sequence, unlike the consensus variant which required a large MSA of homologs. To 

ground this result, the process was repeated considering 14 random mutations on the 

protein, which are unable to improve the stability over the wild type with statistical 

significance. See Figure 3-17. 
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Figure 3-17: Comparison of stability of various designs according to the mAF-min method’s unfolding free 
energy change. Error bars indicate 95% CI over the ensemble of AlphaFold structures. Vertical black line is 
the wild type’s score. The previously engineered variant, by consensus over many homologs (orange) is more 
stable according to the estimator (P-value 5.9e-18). The raw output of the NOMELT model given a single 
input wild type sequence (light green), which includes 14 mutations involving some insertions, is not 
stabilizing or destabilizing. After only 100 examples from the search space of 214 mutation permutations have 
been explored using NSGA-ii (dark green), we achieve a statistically more stable variant than WT (P-value 
9.5e-14). Introducing the same number of mutations randomly is extremely destabilizing (light red), and 
running the same number of exploration steps over the random search space cannot improve the protein over 
wild type. 

Of course, this conferred improvement in stability is predicated on the accuracy of 

the mAF-min method. To further probe these results, molecular dynamics were run on En-

HD variants, which has been done extensively to study the stability of this particular 

protein.154,376 See section “Prediction of protein stability.” Five replicates of 1 microsecond 

dynamics were run at a number of temperatures for each of the wild type protein, the 

NOMELT optimized variant, and a previously engineered variant to >98 oC.154,374 The 



 132 

RMSD over each simulation was averaged, yielding a distribution of 5 values per protein 

per temperature. Note that the starting structure (prior to equilibration) for the NOMELT 

variant is an AF2 predicted structure. In Figure 3-18, the average RMSD relative to 298K 

is given as a function of temperature. We can see that the literature engineered variant, 

“UVF,” retains a tight distribution of displacement around its starting structure up to 370K, 

while the wild type protein begins to open up at its melting temperature of 56 oC, indicated 

by a tight distribution of RMSD values widening and increase in magnitude 

discontinuously. The NOMELT variant retains its structure until at least 66 oC before doing 

the same. Expression of the En-HD variants and either melting temperature experiments, 

or ideally a functional at elevated temperature are required to be fully certain that the 

NOMELT variant is indeed stabilized. One could measure DNA binding of the variants at 

elevated temperatures using e.g. DNase protection.377 The method should additionally be 

tested on other protein, such as enzymes. Chemiluminescent enzymes such as Nano-

luciferase would be a case study worth perusing giving the ease of downstream colorimetric 

assays.378 
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Figure 3-18: RMSD over 1 microsecond dynamics simulations of En-HD variants. RMSD values are relative 
to the average value of the RMSD of the variant over the 296K simulations. Distributions are over 5 
independent simulations. The UVF variant, experimentally determined to have >98oC melting temperature, 
remains tightly bound to its initial structure at all temperatures. The wild type protein opens up from its 
starting structure at its melting temperature, while the NOMELT variant retains its structure at least another 
10K. 

 In order to validate against experimental data until engineered variants can be 

probed in vitro, consider an impactful application for machine learning: generalized 

performance predictors to help filter DE mutagenesis libraries.318 While this strategy is not 

generative like the niche NOMELT aims to fill, meaning that the improvement of protein 

fitness is dependent on the variation present in the library, mutagenesis libraries are more 

experimentally practical than creating libraries of specifically engineered sequences. For 

this reason, NOMELT was also tested as a predictor without any further finetuning. Here, 

the wild type sequence is given to the encoder of the model, and a variant (insertions and 

deletions are allowed) is given to the decoder. The variant is scored using the decoder 

output logits according to Eq. 0-5. NOMELT was used to rank LovD and LipA variants, 

and the model scores compared to experimentally determined melting temperatures.148,379 
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The model was extremely predictive zero-shot for LovD and somewhat for LipA, without 

any training for melting temperature prediction, and without ever having seen the proteins 

before (No hits according to BLASTp, parameters in Appendix C.2.1), as seen in Figure 

3-19. The model overestimated the wildtype for LipA variants, but is able to rank longer 

distance variants with temperatures >65 oC. It is believed that this is due to the high wild 

type temperature, leading to the decoder ranking it quite high. Additionally, the model is 

making judgements based on the similarity of the protein to its learned thermophilic 

distribution, which is conflated with a number of factors other than temperature. 

 

Figure 3-19: Experimental melting temperature of 
LovD and LipA variants vs NOMELT log prob 
scores according to Eq. 0-5. The model is 
extremely qualitative at ranking LovD melting 
temperatures with a Spearman’s R of 0.94 (P value 
5.5e-5). The model is poorer at scoring LipA 
variants, though qualitatively ranks the three 
variants with the highest temperature. 
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 Lipase A has also been the subject of a deep mutational scan (DMS) where all single 

substitutions at a set of positions are explored.380 This dataset serves as a benchmark dataset 

for zero-shot estimators in ProteinGym, the only one specifically focused on thermal 

stability, measuring catalytic half activation temperature.88 When NOMELT is used to rank 

the 2,172 variants in the dataset, a Spearman’s correlation of 0.32 is achieved. Note that 

this is equivalent to using ESM zero-shot, which was trained on a significantly larger and 

more diverse set of proteins self-supervised. This is state of the art discounting models that 

require MSAs as input (E.g. Tranception, MSATransformer), which can achieve up to 

~0.43. A parity of NOMELT’s performance is given in Figure 3-20. The high performance 

of NOMELT compared to other single-sequence models trained on many more data 

indicates that the training methodology of learning a thermophilic translation is more suited 

for thermal stability estimation than fully self-supervised learning over all sequences 

regardless of temperature. Note that the assay in this dataset is somewhat noisy as indicated 

by measurements over replicates, which when combined with only minor changes in 

measured value from single point mutations means that many variants are statistically 

indistinguishable. This is not accounted for by ProteinGym benchmarking. When we 

consider only the 34% (N=1.7 mil) of protein variant comparisons that are distinguishable 

from each other according to a T-test with a P-value of <0.05, NOMELT qualitatively 

distinguishes them 64% of the time. While this is not enough resolution to identify a global 

optimum in a variant library, it is significantly better than random even for a DMS library 

with small (~2 oC) changes in melting temperature. 



 136 

 

Figure 3-20: Parity of zero-shot prediction on 
single point DMS variants for catalytic T50 in 
Bacillus subtilis LipA. Red line indicates a 
regression. 

Conclusions 

A novel generative protein model that specifically targets high temperature stability, 

trained as a neural machine translator between thermophilicity domains, was detailed. To 

support the large scale training of the model, a new dataset of homologous protein pairs 

across mesophilic-thermophilic, orders of magnitude larger than anything in the literature, 

was developed by joining and searching over proteomic and evolutionary datasets. The 

dataset covers much of the known protein space, however with notable gaps. The dataset 

was rigorously preprocessed by incorporating a large window in OGT between organisms, 

and stringent coverage requirements, and then used to train NOMELT. The model was able 

to do better than natural variation over thermophilic homologs at generating thermophilic 

sequences from mesophilic inputs, with the advantage of not requiring multiple sequence 

alignment over thermophilic sequences. This allows the model to function on novel 

sequences for which we do not have examples of high temperature variants. Variants 
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generated by the model closely matched ground truth thermophilic sequences both 

according to percent identity and according to 3D predicted structure. Further, the model 

captured known thermophilic attributes, like shifts in amino acid propensities and targeted 

use of disulfide bonds. According to a recent state of the art qualitative estimator of protein 

thermal stability, generated variants were more stable on average than the ground truth, 

indicating that the model is incorporating stabilization techniques from diverse proteins 

into each example. The model was also evaluated as an engineer of novel protein targets 

that have very little similarity to anything seen during training. The model is able to 

improve the stability of En-HD by directly introducing mutations including insertions, 

according to an estimator of stability and MD simulations of unfolding events. 

Experimental characterization of the design to confirm increase in stability is necessary, 

and repeating the NOMELT design process for a protein easier to characterize in lab is 

recommended, such as small chemiluminescent enzymes. Lastly, the model was evaluated 

for situations when direct synthesis of a new sequence is not experimentally feasible, and 

instead a library of variants need to be ranked for targeted experimental evaluation. The 

output logits of NOMELT specifically target high thermal stability, and has zero shot 

correlation with protein melting temperature for multiple proteins completely unlike 

training examples. It is not accurate enough to identify a global maximum among a variant 

library with high confidence, alike to other existing zero-shot predictors, but it does not 

require an MSA input nor was it trained at evolutionary scale. This indicates that the 

strategy of using thermophilicity as a target is advantageous over training language models 

over natural ambient variation.88 
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The most notable drawback of the model is the observed dependency of model loss 

on nearby examples seen in training. While the model showed promise for accelerating 

design even for completely unseen sequences, the model was on average worse than natural 

thermophilic variation when the protein target was <50% identity with training examples. 

This suggests a clear next direction for this work: increasing the evolutionary information 

within the models training data. learn2thermDB is limited in protein space covered 

compared to ESM Atlas, as was shown in Figure 3-4-right, likely due to the requirement 

of finding a homolog across temperature using pairwise alignment. As a reminder, only 4 

mil out of 24 mil proteins in learn2thermDB contribute to protein pairs. These gaps in 

protein space are further exacerbated by the stringent filtering used to produce NOMELT’s 

training set (Table 3-6). In Figure 3-21, the fraction of learn2thermDB protein space 

covered by the training dataset is shown. Considering all of known protein space, the 

training dataset covers very little. 
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Figure 3-21: Protein space covered by the training set, as compared to all of learn2thermDB. White indicates 
no data. Very few portions of this space have extensive coverage, with a median coverage of 7%. 

An important recent observation within the literature is the effect of evolutionary 

scale on protein language models.50,78,381 It is critical that NOMELT’s dataset be expanded 

to this scale, and the gaps in protein space filled. This should be done by utilizing more 

sensitive homolog searches using HMMs instead of pairwise alignment. As discussed 

previously, the compute resources necessary to create MSAs for the 24 million proteins is 

extreme, but researchers are DeepMind have created a set of 64 million MSAs upon 2 bil 

proteins, effectively the sum of human’s knowledge of protein space.91,382 These HMMs 

could be used to label segments of proteins within learn2thermDB. This should label most, 

if not all, of learn2therm, and meso-thermo segment pairs could be identified across much 

further evolutionary distance.  
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In addition to using more sensitive pairs for training NOMELT at a larger scale, the 

need for homologous pairing could be removed altogether by conditioning the generator 

on organism growth temperature instead of on a low temperature sequence. Specifically, 

all HMM labeled sequences in learn2thermDB should be cropped to their coverage. 

Evolutionary information is then given directly to the model a la AF2 by using an MSA 

transformer encoder.341 OGT is added to the embeddings of the MSA by concatenation and 

linear projection. The embeddings are given to a traditional or bidirectional decoder which 

must generate the target sequence belonging to that MSA at that temperature. This extends 

the framework to the scale of all OGT labeled organisms as opposed to only proteins with 

close homologs across temperature, and further incorporates metagenomic information 

through the MSA inputs. 
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CONCLUSIONS AND FINAL REMARKS 

Data driven methods for modeling systems of interest in science and engineering are 

becoming increasingly necessary to drive progress in an age of massive computation and 

data flux. While there are best practices and learnings from past applications that should 

be leveraged to produce an effective model, each disparate use case requires data and model 

engineering. Even in the subspace of systems involving molecules, there are a breadth of 

strategies to preprocess and encode data, and a number of deep learning architectures 

available. Many of these strategies are summarized here. The process of designing deep 

learning solutions from the ground up for three unique applications are detailed. In each, 

no existing data was available, and novel datasets were created. Decision making during 

data acquisition and preprocessing with the goal of creating robust models that address the 

specific application goals are explained. Model architectures are detailed and the effect of 

hyperparameters analyzed. The desired impact of the models on the community and next 

steps are posited. 

In Chapter 1, two DNN applications that help predict thermal reaction rate constants 

while significantly reducing the cost compared to experiment or ab initio calculations are 

detailed. The first, unnamed, successfully recovers some amount of quantum affects to the 

rate constant associated with a 1D minimum reaction potential energy barrier on a held out 

test set and additional blind examples, thus reducing the cost of incorporating quantum 

affects like tunneling down to that of a TST rate constant. The model uses hand engineered 

features associated with the barrier and a novel training dataset of 6.9 million hypothetical 

energy barriers. This suggests that the complete relationship between the adiabatic 1D 

reaction rate constant and the 1D potential energy barrier associated with it could be learned 
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by neural networks, and modern learned representations based directly on the barrier 

coordinates e.g. using a CNN might further increase accuracy. Classical rate constants 

calculated with TST still incur significant expense from MEP searches, which the second 

DNN application helps to avoid. Partition functions were computed for a dataset of 11k 

unimolecular bond breaking reactions. This dataset was used to train a DNN on atom 

distance bins (EncodedBonds) as a 3D molecular embedding. The Qest model was able to 

predict temperature dependent partition functions given a molecular structure and 

temperature, and the QesTS model could predict the partition function of an unknown 

transition state given reactant and product information. These models in conjunction 

remove the need to search for a transitions state and calculate any partition functions, when 

combined with activation energy predictors. Again, learned representations may be a 

method for improving accuracy, and it may be possible to remove the need for predicting 

partition functions and activation energies altogether by training a predictor of temperature 

dependent rate constants. 

In Chapter 3, a very large transformer-based model was created to treat protein 

thermal stability engineering as a neural machine translation problem. The model fills a yet 

unfilled niche within protein engineering deep learning applications: generative protein 

engineers that specifically targets high temperature stability. Labels for thermostability do 

not exist in diverse and large quantities, so thermophilicity was used as a proxy. Here, a 

novel dataset of protein homologs across ambient and high temperature was produced, 

orders of magnitude larger than anything before it. While the new dataset contains only 

prokaryotic proteins, large portions of protein space are covered. NOMELT was trained 

using a subset of this data to convert a mesophilic protein into a thermophilic variant, and 
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showed better performance at recovering thermophilic sequences than if one were to build 

an MSA over all known thermophilic homologs and select the consensus residues, yet uses 

only a single mesophilic sequence as input. Further, sequences generated by the model 

aligned well at the primary and (predicted) tertiary structure level to ground truth 

thermophilic variants. According to a 3rd party estimator of thermal stability that was 

shown to be qualitative, model designs conferred even more stability over the mesophilic 

input than do the thermophilic ground truths. NOMELT also captured known thermophilic 

attributes, e.g. a shift in amino acid distribution and a focus on disulfide bonds. The model 

was also used to engineer a more stable variant of Engrailed Homeodomain, that showed a 

reduced propensity to unfold at 56 oC, the wild type’s melting temperature. Further, 

NOMELT can act as a zero-shot predictor of thermal stability. Unlike self-supervised MSA 

based or evolutionary scale sequence models, which show capability to help predict protein 

activity, NOMELT ranks proteins by thermal stability while never being trained to 

specifically predict thermal stability. It does so with a Spearman’s correlation of 0.94 on 

19 LovD variants with experimental melting temperatures, and is qualitative in ranking 

some variants of LipA. When evaluated on a benchmarking dataset of a deep mutational 

scan on LipA with a measurement of temperature of half activation, the model scored 0.32 

zero-shot, which is state of the art for its model class. While NOMELT can introduce high 

temperature targeting variation into protein sequences, the work here suggests it is still 

limited by the scale of the training dataset. To attain evolutionary scale for generative 

temperature stability modeling, it is suggested to train a new model conditioned on a target 

sequence’s MSA and a temperature, which recovers a variant of that sequence that would 

occur in an organism at that temperature by causal language modeling. 
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In Chapter 2, an optional learning event is detailed that aims to give Chemical 

Engineering students the opportunity to learn and apply coding, data science, and machine 

learning to problems relevant to their industry, while curriculum catches up. The event, C-

HACK, was a coopetition style hackathon consisting of a week of tutorials tailored to 

provide content useful to address a surprise chemical engineering problem. Students then 

had one week to work in small teams to address the stated goal using data science. A panel 

of independent judges ranked team solutions and the top teams received prizes and awards 

for their professional development. The event was hosted remotely such that multiple 

Chemical Engineering campuses could participate. Critically, industry partners 

participated in the event from conception to administration such that it was always centered 

on skills relevant to students, and gave them an opportunity to interact. While an 

improvement in team soft skills sought after in industry was not observed, a significant 

improvement in coding and data science was observed as measured by self-administered 

survey. The tutorials and the problem give students, regardless of their starting skill level, 

experience with the choices and techniques used in data science, directly on relevant 

material. Given the low monetary and time cost with administering the event, it is 

recommended as an option for Chemical Engineering departments that do not yet have 

modern data science and machine learning options/curriculum. 

Data science and machine learning is not one size fits all, even within just Chemical 

Engineering and systems involving molecules. Each application requires unique decision 

making regarding data acquisition, preprocessing, and representation in order to best 

address a specific goal. Further, this nuance should be tracked through to learning 
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experience in ChE, where the application space differs from canonical computer science 

applications. 
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APPENDIX A 

A.1 Quantum Reaction Rate Constants 

A.1.1 Database Generation 

The equations for the potentials employed to generate the database of quantum 

reaction rate constants are defined below in Table A.1.1-a. For the single barriers the exact 

expressions for the transmission coefficient 𝑇(𝐸) were used. 

For the double barriers, the transmission coefficient was evaluated as in equation 

according to Equation 1.2 in the main portion of this thesis, with 𝑥 ∈ [−𝐿, 𝐿] and 𝐿 =

20[𝑎𝑢]. The evaluation of the transmission coefficient was carried out using scipy’s 

integrate.solve_ivp function to solve the initial value problem with the implicit Runge-

Kutta method of order 5 as defined by the ‘Radau’ option. The range of energy values over 

which the transmission coefficient was evaluated was a set of 300 points in the interval 

𝐸+,IN5C = }<203
#(((

; 2𝐸2,A�, with 𝐸2,A = 2 ⋅ [𝑉(𝑥)]	.			The maximum value of the potential 

energy was evaluated over 1000 points in the range −𝐿 < 𝑥 < 𝐿.  

Table A.1.1-a: Equations for the one-dimensional potential energy barriers used to build the database. The value of 𝛥𝑥	was 0.1 au for 
symmetric barriers and 0.2 au for asymmetric barriers. 

Barrier Potential energy Parameters 

Single 
rectangular 

𝑉!(𝑥) = {𝑉"	0.0 < 𝑥 < 𝑤"	0.0		𝑥 < 0	 ∨ 	𝑥
> 𝑤"			

V1 – barrier height 

w1 – barrier width 

𝛼 =  1.0	
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𝑠	 = 	0.0	

Single 
symmetric 
Eckart 

𝑉#$(𝑥) =
𝑉"

(𝜋𝑥/𝑤")	 

V1 – barrier height 

w1 – barrier width 

𝛼 = 	1.0	

𝑠 =
𝑉(𝑥∗) − 𝑉(𝑥∗ + 𝛥𝑥)

𝛥𝑥 	

𝑥∗		|			𝑉(𝑥∗) 	= 	𝑚𝑎𝑥(𝑉(𝑥))	

Single 
asymmetric 
Eckart 

𝑉&$(𝑥) =
𝑉"(1 − 𝛼)
1 + 𝑒'()!* +

𝑉":1 + √𝛼<
(

4𝑤"𝑥	  

V1 – barrier height 

w1 – barrier width 

 𝛼 – asymmetry 

𝑠 =
|𝑉(𝑥∗ + 𝛥𝑥) − 𝑉(𝑥∗)| + |𝑉(𝑥∗) − 𝑉(𝑥∗ − 𝛥𝑥)|

2𝛥𝑥 	

𝑥∗		|			𝑉(𝑥∗) 	= 	𝑚𝑎𝑥(𝑉(𝑥))	

Double 
rectangular 

𝑉+!(𝑥) = {𝑉"	0.0 < 𝑥 < 𝑤"	𝑉(	𝑤" + 𝑑 < 𝑥
< 𝑤" + 𝑑
+𝑤(	0.0	𝑒𝑙𝑠𝑒𝑤ℎ𝑒𝑟𝑒	 

Vi – barrier i height 

wi – barrier i width 

d – distance between barriers 

𝛼 =
1

2
�
|𝑉1 − 𝑉2|
|𝑉1 + 𝑉2|

+
|𝑤1 − 𝑤2|
|𝑤1 + 𝑤2|

�	

𝑠 = 0.0	

Double 
gaussian 

𝑉+.(𝑥) = 𝑉"𝑒
'(*'*!)"

(1!" + 𝑉(𝑒
'(*'*")"

(1"" 	

𝜎" = 𝑤"/3; 						𝜎( = 𝑤(/3	

𝑥" = 0.0; 					𝑥( = 3 ⋅ (𝜎" + 𝜎() + 𝑑  

Vi – barrier i height 

wi – barrier i width 

d – distance between barriers 

𝛼 =
1

2
�
|𝑉1 − 𝑉2|
|𝑉1 + 𝑉2|

+
|𝑤1 − 𝑤2|
|𝑤1 + 𝑤2|

�	

𝑠 = 	
𝑉(𝑥∗) − 𝑉(𝑥∗ + 𝛥𝑥)

𝛥𝑥 	

𝑥∗|	𝑉(𝑥∗) 	= 	𝑚𝑎𝑥(𝑉(𝑥))	

Peskin barrier 
𝑉2345	(𝑥) = 𝑉" G

1
(𝑥	) −

1
(𝑤"𝑥	)H	

 

V1 – barrier height 

w1 – barrier width 

𝛼 = 1.0	

𝑠 =
𝑉(𝑥∗) − 𝑉(𝑥∗ + 𝛥𝑥)

𝛥𝑥 	

𝑥∗|	𝑉(𝑥∗) 	= 	𝑚𝑎𝑥(𝑉(𝑥))	

 

A.1.2 Dataset 
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A visualization of the distribution of the training and testing dataset for the work on 

quantum reaction rate constant products with respect to its input features and output label 

is shown in Figures A.1.2-a through c. The first plot (a) displays scattering of pairwise 

feature distributions with kernel density estimate (KDE) diagonals for the entire dataset. 

The following plots (b-c) show the pairwise distribution of subsets of features and labels 

for the test and train sets through KDE. Figure A.1.2-d maps the correlation between 

variables through the Pearson correlation coefficient. 
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Figure A1.2-a: Database pair-wise distribution for all input features and for the output label. Points are datum. Diagonals 
are gaussian KDE of single features. 
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Figure A.1.2-b: Pair-wise distribution of a subset of the database features related to the barrier for the train 
and test sets. Blue surfaces are train set KDE, while red lines are test set KDE. KDE is normalized to 1.0. A 
KDE of 1.0 then indicates the region of two-feature space with the highest density of data.   

 

When looking at the diagonal distribution of weights and heights in Figure A.1.2-b, 

there is a large number of points in the first bin. This comes from the fact that for single 

barriers the distance between barriers, the second barrier width and height are all equal to 

zero. Features which included the sum of the heights and the sum of the widths were 

considered to reduce this bias, however no significant improvement was observed in the 

trained neural network. 
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Figure A.1.2-c: Pair-wise distribution of a subset of the database features for the train and test sets. Blue 
surfaces are train set KDE, while red lines are test set KDE. KDE is normalized to 1.0. A KDE of 1.0 then 
indicates the region of two-feature space with the highest density of data. 

 

 
Figure A.1.2-d: Correlation matrix of the Pearson correlation coefficient for 
input features of the database. Values close to 1.0 indicate a strong positive 
correlation between variables, while -1.0 indicates a strong negative 
correlation. Features are perfectly correlated to themselves, as can be seen by 
the dark red diagonal. Most features have a small correlation, close to zero 
which indicates little bias.  
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A.1.3 Grid Search and Hyperparameter Tuning 
As described in the first chapter of this thesis for the work regarding quantum 

reaction rate constant prediction, four subsequent grid searches were carried out. The 

hyperparameter search spaces for each are shown in Table A.1.3-a through d, and optimal 

hyperparameters are shown in Table A.1.3-e. Figure A.1.3-a indicates how the logarithm 

of the mean absolute error, MSE, averaged over all runs, changes with the number of 

neurons for each single hidden layer. Figure A.1.3-b shows how the loss changes with the 

learning rate. Figure A.1.3-c shows validation loss and moving average validation loss 

during training for a range of batch sizes, highlighting the optima. 

A. First grid search over neurons, hidden layers, batch size, and epochs 

For the first grid search the number of hidden layers, number of neurons per layer, 

batch size, and number of epochs were considered. The range of parameters is shown in 

Table A.1.3-a below and the results in the following Figure A.1.3-a. The optimal model 

was of neuron configuration (128, 24, 12). 

Table A.1.3-a: First grid search space values for number of hidden layers, number of neurons 
per layer, batch size and epochs. 

Hyperparameter Search space 

number of hidden layers 1, 2, 3 

number of neurons in hidden layer 1, 6, 12, 24, 32, 64, 128 

epochs 50, 100, 200, 300 

batch size 32, 64, 128 

Fixed hyperparameters Default values 

hidden layer activation function sigmoid  

output activation function tanh  

optimizer Adam 

- learning rate 0.001 

- beta 1 0.9 
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- beta 2 0.9999 

weight initialization random uniform 

- range [0, 1] 

loss function mean squared error (MSE) 

Optimal hyperparameters Values 

neuron configuration (128, 24, 12) 

epochs 300 

batch size 32 

 

 
Figure A.1.3-a: Average model validation 
mean square error (MSE) associated with 
number of neurons in each of three hidden 
layers. The color scale corresponds to the 
average of the MSE over all models with three 
hidden layers trained for 300 epochs with 
batch size 32. The black line shows the neuron 
configuration of the optimal model. 

B. Second grid search over activation function 

For the second grid search, the choice of activation functions applied to each neuron 

in the hidden and output layers was explored. The activation functions tested are seen 

below in Table A.1.3-b. The optimum configuration was found to be sigmoid, linear for 

hidden layers and output layer, respectively. Other activations such as tanh also performed 

well in the output layer but only the linear function allows for predictions outside the testing 

the range. 
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Table A.1.3-b: Second grid search space values for activation function in both hidden and output layers. 

Hyperparameter Search space 

activation function softmax, softplus, softsign, relu, tanh, 
sigmoid, hard sigmoid linear 

Fixed hyperparameters Default values  

neuron configurations (128, 24, 12) 

epochs 300 

batch size 32 

optimizer Adam 

- learning rate 0.001 

- beta 1 0.9 

- beta 2 0.9999 

weight initialization random uniform 

- range [0, 1] 

loss function mean squared error (MSE) 

Optimal hyperparameters Values 

hidden layer activation sigmoid 

output layer activation linear 

 
C. Third grid search over learning rate 

The third grid search optimized the value of learning rate for the Adam optimizer. 

The range of values explored were on the logarithmic scale to best search hyperparameter 

space and are shown below in Table A.1.3-c. This was conducted on a randomly selected 

portion of 30% of the training set as well as on 100% of the training set. In both cases, the 

Adam optimizer’s default value of 0.001 was the top performer. The results are also shown 

in Figure A.1.3-b. 

Table A.1.3-c: Third grid search space values for the learning rate. 

Hyperparameter Search space 

learning rate 1E-5, 1E-4, 1E-3, 1E-2, 1E-1, 2E-1 

Fixed Hyperparameters Default values  

neuron configuration (128, 24, 12) 

epochs 300 
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batch size 32 

hidden layer activation function sigmoid 

output activation function linear 

optimizer Adam 

- beta 1 0.9 

- beta 2 0.9999 

weight initialization random uniform 

- range [0, 1] 

loss function mean squared error (MSE) 

Optimal hyperparameters Values 

learning rate 0.001 

 

 

 
Figure A.1.3-b: Validation loss as a function of learning 
rate in the third grid search. The black and blue lines 
correspond to grid search on 100% and 30% of the 
training dataset. Both searches indicate that 0.001 is the 
optimal learning rate value.  

 

D. Fourth grid search over batch size 

A final grid search on the batch size was conducted to evaluate how fluctuations on 

the validation loss related to mini batch training batch sizes. Details of the search are 

described in Table A.1.3-d. A moving average of the validation loss was used as a metric, 

to average the impact of the fluctuations. It was found that 128, and 256 performed best in 

terms of reduction in fluctuation and final validation loss magnitude and given that 256 
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had a lower final rolling average loss it was chosen as the best batch size. This result is 

shown in Figure S 5.  

 

Table A.1.3-d: Fourth grid search space for batch size. 

Hyperparameter Search space 

batch size 32, 64, 128, 256, 512, 1024, 2048, 
4096, 8192 

Fixed Hyperparameters Default values  

neuron configuration (128, 24, 12) 

epochs 300 

hidden layer activation function sigmoid 

output activation function linear 

optimizer Adam 

- learning rate 0.001 

- beta 1 0.9 

- beta 2 0.9999 

weight initialization random uniform 

- range [0, 1] 

loss function mean squared error (MSE) 

Optimal hyperparameters Values 

batch size 256 

 

 
Figure A.1.3-c: Left panel) Validation loss and moving average of validation loss over 20 points for models trained with 
a range of batch sizes as a function of epochs. Batch size is seen to impact both the fluctuations in the validation loss, as 
well as the final training and validation loss value. Right panel) Moving average validation loss for the last 100 epochs 
of training. Batch sizes 128, and 256 perform best with final average losses of 2.0E-5 and 1.9E-5 respectively. 
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E. Optimal hyperparameters 

Table A.1.3-e: Optimal hyperparameters identified from grid searches for the final training.   

Hyperparameter Value 

neuron configuration (128, 24, 12) 

epochs 300 

batch size 256 

hidden layer activation function sigmoid 

output activation function linear 

optimizer Adam 

- learning rate 0.001 

- beta 1 0.9 

- beta 2 0.9999 

weight initialization random uniform 

- range [0, 1] 

loss function mean squared error (MSE) 

Performance  

training loss 1.55E-5 

test loss 1.57E-5 

test MAE [log(1/ps)] 0.27 

 

 

A.2 Partition Functions 

A.2.1 Dataset 

In Figure A.2.1-a the activation energies of the reactions in the dataset used to 

generate the partition function dataset is shown. Table A.2.1-a the partition function 

equations employed to compute 𝑄(𝑇) are shown. 
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Figure A.2.1-a: Histogram of ground state activation 
energies of all reactions used to generate the partition 
functions dataset. The average value of the activation 
energies  85.3 kcal/mol is much higher than that of most 
organic chemistry reactions because these reactions 
involve breaking covalent bonds in unimolecular 
reactants. 

 

 

Table A.2.1-a: Equations employed to compute the translational, vibrational, and rotational 
partition functions with the rigid body, harmonic oscillator, and rigid rotor approximations. 

Here 𝑚 is the molecular mass, 𝑉 the volume, 𝜔 are the wavenumbers, 𝜃!	 = ℎ#/8𝜋#𝐼! 

where 𝐼! is the moment of inertia and 𝜎 is the symmetry number. The electronic partition 
function was approximated as equal to the electronic ground state degeneracy, 𝑔$%,'. 

 

 

A.2.2 Featurization 

For the Qest model, a series of geometry based input features were screened which 

included Autocorrelation (AC) (J. P. Janet and H. J. Kulik, J. Phys. Chem. A 121, 8939 

(2017)), EncodedBonds (EB) (C. R. Collins, G. J. Gordon, O. A. Von Lilienfeld, and D. J. 
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Yaron, J. Chem. Phys. 148, 241718 (2018), and Coulomb Matrix (CM) (M. Rupp, A. 

Tkatchenko, K.-R. Müller, and O. A. von Lilienfeld, Phys. Rev. Lett. 108, 058301 (2012)) 

as well as Smooth Overlap of Atomic Positions (SOAP) (A. P. Bartók, R. Kondor, and G. 

Csányi, Phys. Rev. B 87, 184115 (2013)), and Many Body Tensor Representation (MBTR) 

(H. Huo and M. Rupp, Unified Representation of Molecules and Crystals for Machine 

Learning (2017)). To create these, the MolML (C. R. Collins, G. J. Gordon, O. A. Von 

Lilienfeld, and D. J. Yaron, J. Chem. Phys. 148, 241718 (2018)) and DScribe (L. Himanen, 

M. O. J. Jäger, E. V. Morooka, F. Federici Canova, Y. S. Ranawat, D. Z. Gao, P. Rinke, 

and A. S. Foster, Comput. Phys. Commun. 247, 106949 (2020)) software packages were 

used. Learned featurization techniques were not considered. For each featurization feature 

and target standardization were tested considering min-max scaling and gaussian 

normalization. The model hyperparameters used during this screening are shown in Table 

A.2.2-a. 

Overall, over 45 possible combinations of input feature, feature standardization, and 

target standardization were screened, finding that EncodedBonds with feature min-max 

scaling and target normalization were optimal. The average performance of the different 

featurizers is shown in Figure A.2.2-a. The screening of standardization was repeated for 

QesTS using EncodedBonds, which yielded no standardization as optimal. 

  

Table A.2.2-a: Hyperparameters used during data screening. 

Hyperparameter Value 

layer sizes [200, 200] 

learning rate 0.001 



 181 

batch size 100 

epochs 20 

hidden activation function relu 

l2 regularization 0.0 

bias initialization constant 1.0 

weight initialization stdev 0.2 

loss mean squared error 

  

  

 
Figure A.2.2-a: Average performance of each featurizer tested 
during screening. Bars represent the cross validated mean absolute 
error, while error bars are the standard deviation across the data 
standardization combinations tested for each featurizer. Models 
using Encoded Bonds performed best on average. Also, the best 
performing combination used Encoded Bonds with feature min-max 
scaling and target normalization. 

 

A. DScribe software 

The DScribe software package (L. Himanen, M. O. J. Jäger, E. V. Morooka, F. 

Federici Canova, Y. S. Ranawat, D. Z. Gao, P. Rinke, and A. S. Foster, Comput. Phys. 

Commun. 247, 106949 (2020)) was used to generate SOAP and MBTR input features. The 
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parameters used are listed below. The reader is referred to the software documentation for 

a description of these parameters. 

  

SOAP – Smooth Overlap of Atomic Positions 

The parameters used to produce SOAP features are listed in python dictionary format: 

{ 

'species': ["H", "C", "O", "N"], 

'rcut': 6.0, 

'nmax': 8, 

'lmax': 6, 

'average': 'inner' 

} 

  

MBTR – Many-body Tensor Representation 

The parameters used to produce MBTR features are listed hereafter in python dictionary 
format: 

{ 

 species=["H", "O", 'C', 'N'], 

 k1={ 

     "geometry": {"function": "atomic\_number"}, 

     "grid": {"min": 0, "max": 8, "n": 100, "sigma": 0.1}, 

 }, 

 k2={ 

 "geometry": {"function": "inverse\_distance"}, 

 "grid": {"min": 0, "max": 1, "n": 100, "sigma": 0.1}, 

 "weighting": {"function": "exponential", "scale": 0.5, 

"cutoff": 1e-3}, 
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 }, 

 k3={ 

 "geometry": {"function": "cosine"}, 

 "grid": {"min": -1, "max": 1, "n": 100, "sigma": 0.1}, 

 "weighting": {"function": "exponential", "scale": 0.5, 

"cutoff": 1e-3}, 

 }, 

 periodic=False, 

 normalization='none', 

 flatten=True 

} 

  

B. MolML software 

MolML (C. R. Collins, G. J. Gordon, O. A. Von Lilienfeld, and D. J. Yaron, J. Chem. 

Phys. 148, 241718 (2018)) was used to define the EncodedBonds, Coulomb Matrix and 

Autocorrelation features. MolML determines parameters such as the element types present 

and the maximum number of atoms during featurization. Due to limited RAM, the entire 

dataset could not be loaded at once, so it was scanned for a set of 3 structures which 

contained both the full array of chemical elements in the dataset, as well as the largest 

molecular system. The featurizers were fit to this minimal set, and then used to transform 

the entire dataset in chunks. The minimum subset of systems is given below in xyz format 

and angstrom units: 

14 

C   -2.301345240000000   0.245555560000000  -0.146458820000000 

O   -1.801117640000000  -1.068638690000000  -0.132535600000000 

C   -0.698207700000000  -1.254313550000000  -0.983955260000000 
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C    0.498785910000000  -0.503501480000000  -0.581849450000000 

C    1.474872740000000   0.110834400000000  -0.254355130000000 

C    2.665120440000000   0.852752900000000   0.143128950000000 

H   -2.602697440000000   0.544988140000000  -1.159271040000000 

H   -3.175412910000000   0.262006730000000   0.502576870000000 

H   -1.561197990000000   0.962926400000000   0.225284290000000 

H   -0.479999560000000  -2.323300650000000  -0.969310430000000 

H   -0.961290100000000  -0.982075860000000  -2.016315420000000 

H    3.153957870000000   0.378701800000000   0.995343110000000 

H    3.380779340000000   0.898604960000000  -0.679097780000000 

H    2.407752320000000   1.875459330000000   0.422868020000000 

  

10 

O    2.288293630000000   0.484583070000000  -0.121712670000000 

C    1.127501880000000   0.193607830000000  -0.071145460000000 

C   -0.184064230000000   0.924152480000000   0.259412420000000 

C   -0.873748740000000  -0.432000910000000  -0.015729600000000 

N    0.451962880000000  -0.971798030000000  -0.300035950000000 

  

H   -0.242967130000000   1.286299400000000   1.283947400000000 

H   -0.427416880000000   1.726023410000000  -0.434781960000000 

H   -1.362208720000000  -0.885687600000000   0.848217390000000 

H   -1.550559340000000  -0.441221400000000  -0.871782480000000 

H    0.773206630000000  -1.883958250000000  -0.576389100000000 

  

  

  

23 

C    2.349176060000000   0.084494630000000  -0.905389770000000 

C    1.627675400000000   0.053488250000000   0.436342020000000 

C    0.236369270000000  -0.590909200000000   0.414770920000000 

C   -0.342881300000000  -0.607355670000000   1.828561880000000 

C   -0.712898880000000   0.033731390000000  -0.629030880000000 
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C   -0.976517400000000   1.521383910000000  -0.403857370000000 

C   -2.030065150000000  -0.732800180000000  -0.733683520000000 

H    2.385265370000000  -0.910486730000000  -1.357281740000000 

H    3.377237770000000   0.431331870000000  -0.786465570000000 

H    1.861357880000000   0.752318050000000  -1.618183410000000 

H    2.239225610000000  -0.501941370000000   1.154397840000000 

H    1.554048780000000   1.069878880000000   0.838340710000000 

H    0.375865430000000  -1.636038860000000   0.106313200000000 

H    0.341081900000000  -1.112555420000000   2.513879630000000 

H   -0.495666310000000   0.405190570000000   2.210740010000000 

H   -1.298151790000000  -1.131761590000000   1.876033720000000 

H   -0.213934640000000  -0.065520660000000  -1.599015070000000 

H   -1.615287910000000   1.919106830000000  -1.195418250000000 

H   -1.487633380000000   1.698516490000000   0.545714450000000 

H   -0.054749190000000   2.106284580000000  -0.401858700000000 

H   -2.609548020000000  -0.389412500000000  -1.593433690000000 

H   -1.858128490000000  -1.805335340000000  -0.854936010000000 

H   -2.651841000000000  -0.591607940000000   0.153459620000000 

 

A.2.3 Optimization of hyperparameters 

After screening for input features and standardization (Section A.2.2) a 

hyperparameter optimization was conducted. The search space for hyperparameter 

optimization is shown in Table A.2.3-a. The Tree Parzen (J. Bergstra, D. Yamins, and D. 

D. Cox, 28, (2013); F. Hutter, L. Kotthoff, and J. Vanschoren, Automated Machine 

Learning (Springer, 2019)) sampler along with the median pruning algorithm was used to 

identify the optimal hyperparameters (see Table A.2.3-b) with Optuna (T. Akiba, S. Sano, 

T. Yanase, T. Ohta, and M. Koyama, in Proc. 25th ACM SIGKDD Int. Conf. Knowl. 

Discov. Data Min. (ACM, New York, NY, USA, n.d.)) using a 5 trial startup for both 

models. This corresponds to 1258 and 7685 completed trials for the Qest and QesTS model, 
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respectively. The number of epochs over which to train the model for the optimal 

hyperparameters was determined by using early stopping averaged over the 5 folds.  From 

this it was found that 39 and 27 epochs were optimal stopping points for the Qest and 

QesTS models respectively. 

Table A.2.3-a: Parameter space tested for hyperparameter optimization. Layer parameters such as bias initialization are 
applied to all hidden layers uniformly; the search space is restricted by not considering layers having different parameters. 
One to three total hidden layers are tested, and in each case all layers have the same number of neurons chosen from the 
range [2 – 2000]. MSE loss is used. 

Hyperparameter Search space Distribution 

layer sizes 1-3 layers, 2 - 2000 neurons categorical choice 

learning rate (1E-5, 1E-1) loguniform 

batch size (32, 8000) uniform integer 

hidden activation function relu, tanh, softsign, sigmoid, 
softmax 

categorical choice 

l2 regularization (0.0, 0.1) uniform 

bias initialization constant (-1.0, 1.0) uniform 

weight initialization stdev (1E-3, 1E+0) loguniform 

  

 

Table A.2.3-b: Optimum hyperparameters for both the Qest and QesTS DNN models found from TPE 
hyperparameter optimizations using Encoded Bonds as input features. 

Hyperparameter Qest DNN QesTS DNN 

layer sizes [816, 816] [749, 749] 

learning rate 1.58E-4 3.13E-4 

batch size 34 2609 

hidden activation relu relu 

l2 regularization 8.68E-6 4.20E-5 

bias initial value -0.664 -0.207 
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weight initialization stdev 0.407 0.059 

  

A.2.4 Model Performance 

  

 The distributions of error on the test sets for the Qest and QesTS models are shown 

below. 

 

 
Figure A.2.4-a: Distribution of errors on the natural logarithm of 
the partition function for the Qest model. Most errors cluster near 
0, however there is a small bias towards overestimating the 
partition function. 

  

   
Figure A.2.4-b: Distribution of errors on the natural logarithm of 
the transition state partition function for the QesTS model. Most 
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errors cluster near 0. The model is unbiased, and the average error 
is -0.09. 

  

A.2.5 Outliers 

To limit extrapolation in the final model, outliers were dropped from the overall 

dataset as following. Reactions containing any example with 12 or more feature values 6 

standard deviations away from that feature’s mean were removed. This resulted in 

removing 1,108 reactions. 

APPENDIX B 

B.1 C-HACK event details 

The fully virtual event took place over the first two weeks of the student’s winter 

quarter. An overview of the event is shown in Figure 2-1 of the main document. First, we 

describe the organizational period of the event (Figure 2-1a) such as how committees were 

formed to create the content, how the schedule was created, and how the event was 

advertised and incentivized. We then discuss the tools used to facilitate learning and 

introduce data science. Next, we detail the tutorial content and format (Figure 2-1b), and 

finally the structure of the hackathon and the problems that were presented to the 

participants (Figure 2-1c).  

B.1.1 Event planning 
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The event was organized over about six months to address the objectives. The 

organizational steps are shown in Figure B.1.1. Industrial representatives were contacted 

to find a partner that could provide data, participate in the organization of the event, and 

interact with participants. Dow agreed to provide industrial data and organizational time. 

The team of organizers discussed an emphasis on team dynamic soft skills that industry 

looks for in potential hires, which led to Objective 2 and the hackathon structure. Here, 

students work in teams to use data science to solve open ended problems on the Dow data, 

and present their work to judges (See section B.1.5 Hackathon). To provide motivation in 

the coopetition setting,166 we chose to have monetary and social incentives.291  Participants 

received a free tee-shirt and a mug, and those that turned in work were given an official 

certificate of completion and the option to advertise their work on a website. The certificate 

gave them the option to mention their participation on their resume. Students could also 

receive monetary prizes and awards for exceptional work. The C-HACK event was 

conducted with these industry partners in 2021 and in 2022, with both years organized by 

the same methodology, however the outcomes discussed in the main document and the 

below event details are the specifics of the 2022 event.       
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Figure B.1.1: Workflow of the planning of the event over about 6 months to address the objectives. a) 
Chemical Engineering undergraduates, a group of organizers, and a group of industry representatives 
contributed to the event. b) Committees were created to help produce the event. A set of ChE undergrads 
volunteered to give feedback on tutorial material. Tutorial instructors volunteered to create and deliver the 
material, including a group of graduate students to assist participants during the tutorials. Volunteer faculty, 
post-docs, and industry representatives were to evaluate hackathon problems. Box colors in a) and b) of the 
figure are a key for who contributed to the remaining organization. c) Administrative organization such as how 
students would be incentivized in a problem based learning setting, what times worked best for students to 
maximize participation, what software would be easiest for participants to quickly be able to access and learn 
data science, and what industrial data could be used to create problems. d) Tutorials general content and format 
was determined, problems were crafted based on the data and the material that could be covered, and tutorials 
were updated to best prepare students for the problems. e) The event was advertised to students, and final details 
such as a rubric to judge the final projects and how best to organize student teams was determined.  

 

We did not want the event to appeal only to those already familiar with data science in 

accordance with Objective 1, so the first part of the event was a series of tutorials to 

introduce and explore data science tools. To maximize participation, polls were given to 

undergraduate students to determine what logistic choices would be most appealing. These 

included determining what time during the academic quarter students would be most free, 

what times of day during which tutorials could be conducted given class schedules and 
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student desires, rest periods between tutorials and the hackathon portion of the event, and 

how much time they would be willing to commit. Poll results contributed to the hackathon 

structure with one week of tutorials and one week of coopetition. We wanted these tutorials 

to be encouraged but not mandatory, so that participants could join for any content they 

were unfamiliar with.  

Volunteer committees were organized to help conduct the event (Figure B.1.1-b). To 

align with Objective 1, a committee of instructors was organized to produce and deliver 

the tutorial content, and a set  of undergraduate tutorial evaluators volunteered to give 

feedback on quantity and clarity of tutorial content before it was delivered. A group of 

graduate students familiar with the tutorial content volunteered to assist with the tutorials. 

A committee of post-doc, faculty, and industry judges worked together  to design and use 

a rubric to evaluate  the final deliverables of the team projects.  

The event was held entirely virtually, and the software tools used to conduct the event 

and facilitate learning were chosen to make it as easy as possible to participate (see section 

B.1.2 Choice of Software). Congruently, registration was free, easy, and took place through 

an online registration tool. Registration was open for any undergraduate student in the 

department of Chemical Engineering at the University of Washington, and the Chemical, 

Biological, and Environmental Engineering department at Oregon State University. The 

event was advertised live and asynchronously on both campuses. This included fliers on 

campus, flash presentations before core classes, and open info sessions. We focused on 

motivating the students with what they would receive for participating, and the emphasis 

that no experience was required to align with Objective 1. A website was created as a hub 

for information on the event including the timeline, how to register, a code of conduct, and 
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the incentives for participating. Those who registered had access to a group messaging 

platform to discuss the event and ask questions.  

The basic content structure of the tutorials was determined to introduce data science 

tools on the 1-week timeline using the chosen software. To make tutorials as active as 

possible, we chose to have each be an interactive learning engagement followed by studio 

problems. See section B.1.3 Tutorials for details on the content and structure. Two 

problems to choose from were designed for the hackathon. One was more straightforward 

and the other potentially more challenging to give teams of all levels opportunities to apply 

their knowledge by Objective 1. Both were open-ended questions about the data provided 

by Dow and aligned with their original industrial objective for collecting the data (See 

section B.1.6 Open-ended problems). A rubric was created to allow for uniform scoring of 

student’s work for top performing prizes and awards. Tutorials were updated in order to 

introduce concepts that might be helpful for working with these data and problems. See 

section B.1.7 Connecting the problems to the tutorials for details.  We determined a strategy 

of team formation based on best practices (See section B.1.4 Team placement). 

We chose to conduct an opening ceremony before the tutorials where the timeline, 

format, and resources were discussed. During the ceremony students could interact with 

the industry sponsors for the first time. The data and hackathon problems would be revealed 

two days after the tutorials ended, so that competition played no hindrance in learning and 

was only introduced once teams had been formed for students to work together within a 

coopetition setting. Documents provided to the participants such as the agenda, 

instructions, and code of conduct can be found in the event repository.173 

B.1.2 Choice of Software 
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Jupyter notebooks292 using Google Colab were chosen to give participants access to 

data science tools through Python for both the tutorials and the hackathon. This means that 

students could run code without having to install any software: Colab requires only an 

internet connection and can even be used on a smartphone. Because this was done as an 

enrichment activity from self-selecting participants, FERPA is not an issue in using Colab. 

This ease of use of this toolset makes it ideal for increasing participation among under-

supported groups. Jupyter notebooks are also a highly interactive format of coding, where 

the user can execute code snippets and view the results in real time.293,294 This includes 

numerical results and visualizations which participants can use to guide their understanding 

and make meaningful conclusions. Colab is also amenable to collaboration, allowing 

students to remotely work together in real time or asynchronously. Google Drive was 

chosen to share all documents and data as it is easily accessible with the participants' 

institutional emails and is connected to Colab. Zoom was chosen to host all meetings as it 

was provided for free to students at both institutions and allowed for the recording of 

meetings for students to refer to later. A Slack organization (group messaging service) was 

created for participants to communicate with each other and with organizers. With Slack 

they could  discuss the format of the event or ask coding related questions. All of these 

tools can be accessed using just an internet connection. 

B.1.3 Tutorials 

Five two-hour tutorials were given over five weekdays in the evening on Zoom. 

These each consisted of 50 minutes of discussion-like active learning experiences, then a 

20 minute break, followed by a set of studio problems that students could work on together 

in small groups. Attendance was not mandatory but encouraged, so that individuals of all 
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proficiency levels could develop their coding skills. The topics covered in each tutorial are 

outlined below: 

● Introduction to Python – how to use Python in Jupyter notebooks on Colab, Python 
syntax, variables, data types, and code commenting 

● Flow control – conditional statements, loops, functions and basics of functional 
programming 

● Data structures – organizing, storing, and working with  data, NumPy295 and 
Pandas296 libraries  

● Visualization – producing informative visual communications of data or results, 
Matplotlib297 library 

● Project dependent topic – statistics, regression, unsupervised clustering algorithms 

Each tutorial was given in the form of a Colab notebook that was reviewed by the 

undergraduate tutorial evaluation committee. The specific content was chosen to give 

participants a pure introduction to coding and build up to using Python to conduct data 

science tasks, so that participants of any level could benefit. No 10-hour course can 

extensively explore data science using Python, so we focused on introducing specific tools 

and applications to enable students to work on the hackathon problems at a basic level and 

apply elsewhere. Links to additional resources such as explanations and useful Python 

libraries were included to give participants more opportunity to explore.  The tutorials were 

designed to be continuous such that each day built on previous days. To maximize 

continuity, we used the same dataset to explore different Python tools throughout the 

tutorial. The lecture notebooks contain pre-filled instructional content described by an 

instructor, as well as active exercises the instructor completed with students. Questions, 

pauses, and tangents were highly encouraged to maximize inquiry and exploration by the 

students. The lectures were all recorded for participants that could not attend the tutorials. 

After each active learning portion and a break, students were split into small groups of 3-5 
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and given topic related coding problems to solve for 50 minutes. The small group format 

was chosen as it has been shown to provide the benefits of cooperation on learning.298 

Assistant instructors familiar with the material were available to give guidance and 

facilitate cooperation. Given that Zoom allows for screen sharing, and the work is done 

entirely on a virtual notebook, students and instructors could display their work and 

progress. The tutorial notebooks are openly available in the event repository.173 

B.1.4 Team placement 

We wanted the format of the teams for the hackathon to provide the best opportunity 

for participants to develop team dynamic soft skills. We chose to have a maximum team 

size of four participants. Participants were allowed to sign up as a team, as self-selection 

has been linked to positive performance.298 In accordance with Object 1, we also enabled 

individual sign ups to encourage those without previous coding experience or interested 

friends to participate. We took special care to balance the solo participants that did not have 

teammates. Each participant filled out a survey asking for their class level, gender identity, 

and comfortability with Python on a scale from one to five. An in-house Python tool was 

created to sort through participants and place them on open teams to minimize the standard 

deviation of all team’s “scores” which were computed as a weighted sum of participants’ 

class level and Python skills. This is especially important because undergraduate students 

of any age were encouraged to participate, and we wanted to ensure that younger students 

had opportunities to learn from the soft skills of their older peers, and new coders from 

experienced coders. Finally, the tool enforces that no self-identified woman or non-binary 

individual was on a team alone, as these voices have shown to be overshadowed by men 
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when singled out in STEM settings.29 The Python tool is freely available in the event 

repository.173 

B.1.5 Hackathon 

Two days after the tutorials had concluded the representatives from Dow announced 

a real dataset and two open ended problems related to the data to choose from. Documents 

describing the problems and the data was shared with the participants via Google Drive. A 

folder was shared uniquely with each team for them to work together in and turn in their 

work. Teams had four days to address the problem statements using Python and provide 

the work they completed in the form of a Colab notebook and a short 1-page description 

of what they did. Finally, two days after the work was turned in, the students were asked 

to give a 10-minute presentation on their work to a collection of evaluators. The evaluators 

gave scores to teams based on their coding work and final presentation according to a 

rubric. Scores were normalized and averaged to award first through third place teams cash 

prizes for each of the two problems. Teams also received certificates for their project 

description and presentation. Detailed instructions, and templates were provided to the 

participants. These and the rubric can be seen in the event repository.173 

B.1.6 Open ended problems 

As opposed to highly structured problems, open ended problems give students an 

opportunity to engage and develop their own problem solving skills. Problem solving is 

touted as the central theme of engineering, but it is unclear how to best design an open 

ended problem to develop problem solving skills.299 Not all engineering problems are the 

same, and so not all problems draw on the same set of proficiencies. Instead, they tend to 

be ill-structured, where not all elements of the problem are known with confidence, criteria 
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for success may be variable or unknown, and do not possess a set solution path.300 

Jonassen300 identifies problem types such as design, selection, and troubleshooting, among 

others. To align with Objective 2, the hackathon problems should mimic the open-ended 

qualities listed above, with the only difference being that participants have access to 

professionals who have worked on the data previously.   

The dataset provided to the students is a set of measurements taken from 33 positions 

spatially distributed within a rectangular basin in Dow’s East Waste Treatment Plant 

(EWTP). EWTP is a typical activated sludge aeration basin301 used to treat organic 

pollutants before discharging effluent into receiving waters. Outfall at EWTP would 

intermittently experience elevated solids and total organic carbon, regulatory compliance 

parameters, which could result in production curtailment. The samples were collected via 

a drone and measurements include temperature, suspended solids, metal concentrations, 

pH, among others, as well as bacterial abundance at taxonomic levels from kingdom down 

to species. Some classes of bacteria could not be identified so remained as “Unknown”. 

The true identities of the bacteria and metals were replaced with encodings for proprietary 

reasons. Code and a starter notebook were provided to the participants to expedite data 

loading from file and aggregation to a desired taxonomic level.  

The students were asked to use this information to explore relationships within the 

basin and comment on potential causes. In Problem 1, participants were tasked with 

producing a metric for basin performance and using this to visualize the operation of the 

basin over space. This provides a means for participants to make qualitative assessments 

based on their own metrics. In Problem 2, participants were asked to explore the 

distribution of bacterial abundance across the basin, identify any heterogeneity or clusters 
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in the bacterial population, and identify any association between bacterial abundance and 

metal concentrations. Data science methods discussed in the tutorials could give insight on 

these tasks, but there was no “known” final answer that the students had to reach, instead 

they had to make and justify their own conclusions. The detailed description of the basin, 

problem statements, and provided code are available in the Supporting Documents.173 

These two problems fall in the category of troubleshooting: the waste basin is 

experiencing issues and the participants are asked to investigate the cause. They are mostly 

unstructured in that there is no fixed solution path, and there is no strictly defined definition 

of success. Participants must explore the data and come up with their own strategy to 

understand the basin’s function. We would like to note that the focus of this communication 

is not on the specific problem. The most important aspects of the problems are the use of 

industrial data to explore a real problem, and the open-ended nature of the tasks. This gives 

teams the opportunity to use the tools available to them and their intuition to extract 

relevant information from the real-world in IBL fashion, as they would if working on a 

team in industry. Readers looking to conduct a similar event should focus on finding an 

industry partner that can provide a dataset with these qualities, not the particular problem 

presented here. 

B.1.7 Connecting the problems to the tutorials 

To provide the participants with knowledge of potentially useful tools related to these 

problems, the tutorial content was created with the problems in mind. Specifically, Tutorial 

4  gave particular emphasis to visualizing data in space and in creating three dimensional 

plots. Tutorial 5 covered  some basic statistical topics, discussed unsupervised machine 

learning including basic clustering algorithms. Lastly, the dataset used throughout the 
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tutorials was a record of storm events in the United States from the NOAA archive,302 

which was formatted in latitude longitude space similar to how the problem dataset was 

formatted in depth, width, length of the basin. These choices ensured that the participants 

were introduced to tools that might be helpful when addressing the problems.  

APPENDIX C 

C.1 learn2therm Database 

C.1.1 Pipeline steps and parameters 

The pipeline for downloading raw data, to validation of learn2therm protein pairs 

is runnable with a single command: ‘dvc repro’. Alternatively one can run individual stages 

of the pipeline with ‘dvc repro -s <name_of_stage>’. Many of the stages in the pipeline 

have parameters that affect the runtime behavior and stage outputs, thus the pipeline is 

tunable by modifying ‘params.yaml’. Each stage in the pipeline is outlined below, and the 

parameters are given in Table C.1.1-a. 

Data ingestion 

1. `s0.0_get_raw_data_taxa.py`   
    Pull most recent NCBI 16s r RNA sequences, and OGT records from Enqvist  

• Params: `min_16s_len`, `max_16s_len` number of nucleotides required to keep 
and organism 

• Outputs: `data/taxa.parquet`, columns include OGT, 16s sequence, taxid, other 
taxonomy 

• Metrics: `n_taxa` total number of labelled organisms, `taxa_pulled_date` when the 
data was retrieved 
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2. `s0.1_get_raw_data_proteins.py` 
    Retrieve single cell uniprot. Uses FTP to download very large uniprot files     

• Inputs: `data/taxa.parquet`   
• Outputs: `data/taxa/uniprot/uniprot_pulled_timestamp` indicates when files were 

pulled 
• Metrics: `taxa_pulled_date` when data was retrieved 
• Untracked Outputs: The script produces `*.xml.gz` files that are untracked 

because they take so long to download. DVC ignores them, subsequent calls to 
the script skip downloading files already present.  

3. `s0.2_get_proteome_mdata.py`   
    Get metadata for UniProt proteomes. Selects one "best" proteome per organism.  

• Outputs: `data/uniprot/proteome_metadata.csv`, columns include taxa pair file, 
number of hits, emissions, total searchable space 

4. `s0.3_parse_proteins.py`   
    Extract minimal protein data and store in an efficient file format. Skip proteins that we 
don't have OGT for or are from redundant proteomes  

• Params: `max_prot_per_file` size of parquet files 
• Inputs: `data/taxa/uniprot/uniprot_pulled_timestamp`, `data/taxa.parquet`  
• Outputs: `data/proteins`, contains proteins in chunked files of the form 

`*.parquet`. Columns include protein sequence, database identifiers, and 
associated taxa IDs, `./data/metrics/s0.3_protein_per_data_distr.csv` table of 
number of proteins per taxa 

• Metrics: `n_proteins` total protein count, `percent_prot_w_struc` fraction of 
proteins with PDB or AlphaFold id 

 
Data pairing 

5. `s1.0_label_taxa.py` 
    Assign booleans for taxa as thermophile 

• Params: `ogt_threshold` binary thermophile threshold 
• Inputs: `data/taxa.parquet` 
• Outputs: `data/taxa_thermophile_labels.parquet` 
• Metrics: `n_meso`, `n_thermo` 

6. `s1.1_get_16s_blast_scores.py`   
    Compute pairwise BLAST pairings of meso vs thermo 16s rRNA sequences.    

• Params: `16s_blast_parameters` (there are a number), `blast_metrics` 
• Inputs: `data/taxa*.parquet`, `./data/metrics/s0.3_protein_per_data_distr.csv` 

(used to skip alignment if taxa has no proteins) 
• Outputs: `data/taxa_pairs/alignment/*.parquet` table of taxids and BLAST scores.  

7. `s1.2_label_all_pairs.py`   
    Create a list of taxa pairs that meet a minimum 16s rRNA BLAST score.   

• Params: `blast_metric_thresholds` defines thresholds on 16s blast metrics to 
consider a pair   

• Inputs: `data/taxa_pairs/alignment/*.parquet`   
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• Outputs: `data/taxa_pairs/pair_labels/*.parquet` 1:1 index mapping to 
data/taxa_pairs/alignment/*.parquet of boolean labels of whether that taxa are a 
pair 

• Metrics: `num_taxa_pairs_conservative` number of pairs that passed thresholds. 
Only this number will we blastp, `taxa_pair_found_ratio` fraction of pairs with 
metrics eg n_taxa_pairs/(n_therm\*n_meso) that will be searched for protein pairs 

8. `s1.3_protein_alignment.py` 
    Runs a massive parallel cluster to align protein pairs among taxa pairs using 
DIAMOND. 

• Params: `dask_cluster_class` class for cluster in dask_jobqueue, 
`max_protein_length`, `method` local aligner type, `n_jobs` parallel workers, each 
doing a taxa pair at a time, `method_X_params` where X is eg. "blast" params 
given to aligner, `blast_metrics` alignment metrics to record. 

• Inputs: `data/taxa_pairs/alignment/*.parquet`, 
`data/taxa_pairs/pair_labels/*.parquet`, `./data/proteins` 

• Outputs: `data/protein_pairs/*.parquet`, each file is an aggregation of alignments 
for a number of taxa pairs with protein pids, source organism taxids, and 
alignment metrics 

• Metrics: `protein_align_X`, where X is "emissions", "hits", "time", "return". The 
resources and used and return on investment of protein alignment. 

9. `s1.4_make_database.py` 
    Collect processed data files into a relational duckdb database. 

• Inputs: `data/taxa.parquet`, `data/taxa_thermophile_labels.parquet`, 
`data/protein_pairs/*.parquet`, `data/proteins/*.parquet`, 
`data/uniprot/proteome_metadata.csv` 

• Outputs: `data/database.ddb` relational duckdb database of taxa, proteins, taxa 
pairs, and protein pairs 

 
Data validation 

10. `s2.1_get_hait_pairs.py` 
    Parse the protein pairs from Hait et al's excel files, query the PDB ids to get sequences. 

• Outputs: `data/validation/hait_pairs.csv`, columns include meso PDB id, thermo 
PDB id, and sequences 

11. `s2.2_compare_to_Tm.py` 
    Compare melting temperatures from FireProtDB and Meltome Atlas to OGTs in the 
dataset. 

• Inputs: `data/database.ddb` 
• Metrics: `Tm_OGT_spearman_p`, `Tm_OGT_spearman_r` Spearman R and null 

probability of relationship between OGT from our data and melting temperature 
from 3rd party dataset 

12. `s2.3_run_hait_alignment.py` 
    Compute the alignment metrics for Hait et al. pairs using identical parameters as 
    the alignment metrics for the full dataset. 

• Params: `method` local aligner type, `method_X_params` where X is eg. "blast" 
params given to aligner, `blast_metrics` alignment metrics to record. 
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• Inputs: `data/validation/hait_pairs.csv` 
• Outputs: `data/validation/hait_aligned_scores.csv`, columns include protein ids 

and alignment metrics 
13. `s2.4_compare_hait_alignment.py` 
    Compare metrics for BLAST alignments of Hait et al. pairs to our dataset, and make 
some plots. 

• Inputs: `data/validation/hait_aligned_scores.csv`, `data/database.ddb` 
• Outputs: `data/validation/hait_alignment/*.png` Distribution comparison of 

alignment metrics, and size of your dataset if we were to use Hait scores as a 
filter. 

14. `s2.5_get_HMM_profiles.py` 
    Download Pfam HMMs. 

• Outputs: `./data/validation/hmmer/Pfam-A.hmm` 
• Metrics: `HMM_pulled_date` date of Pfam aquisition 

15. `s2.6_hmmer_hait.py` 
    Run Pfam against proteins in Hait et al. pairs, compute Jaccard of annotations. 

• Params: `e_value` Maximum e-value for hmmer to report an annotation, `njobs` 
cores for parallel 

• Inputs: `data/validation/hait_pairs.csv`, `./data/validation/hmmer/Pfam-A.hmm` 
• Outputs: `data/validation/hait_scores.csv`, columns include jaccard score of Pfam 

annotations 
• Metrics: `mean_jaccard` Mean jaccard score of annotations over Hait pairs, 

`fraction_found` Fraction of proteins with at least one Pfam annotation 
16. `s2.7_run_hmmer.py` 
    Scan Pfam against all proteins on our database that are in protein pairs. 

• Params: `e_value` Maximum e-value for hmmer to report an annotation, `njobs` 
cores for parallel, `scan` boolean to hmmscan or hmmsearch, `prefetch` whether 
to prefetch HMMs into memory or leave as file iterator, `chunk_size` size of 
protein chunks to run and save to file at one time. 

• Inputs: `data/database.ddb`, `./data/validation/hmmer/Pfam-A.hmm` 
• Outputs: `data/validation/hmmer_outputs/*.parquet` Pfam annotations for each 

protein, columns include the PID and a ‘accessions’, a semicolon separated string 
of Pfam accessions annotated for the PID 

• Metrics: `n_proteins_in_pairs` number of proteins in pairs, `n_proteins_labeled` 
number of proteins with at least one Pfam annotation. 

17. `s2.8_parse_hmmer_result.py` 
    Parse hmmer results into a table of protein pairs and their Jaccard scores of annotations 

• Inputs: `data/validation/hmmer_outputs/*.parquet` 
• Outputs: `data/validation/hmmer_labels/*.parquet`, columns include meso PID, 

thermo PID, and Jaccard overlap of Pfam annotations 
• Metrics: `mean_jaccard` Mean jaccard score of annotations over protein pairs, 

`fraction_found` Fraction of proteins with at least one Pfam annotation 
18. `s2.9_compare_hait_hmmer.py` 
    Compare Pfam annotations of Hait et al. pairs to our dataset, and make some plots. 

• Inputs: `data/validation/hmmer_labels/*.parquet`, `data/database.ddb` 
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• Outputs: `data/validation/hmmer/compare_jaccard_hist.png` Distribution 
comparison of alignment Jaccard scores for Hait et al. pairs and our pairs.  

• Metrics: `t_pvalue_base` p-value of t-test of Jaccard scores between Hait et al. 
and our pairs, `t_pvalue_95` p-value of t-test of Jaccard scores between Hait et al. 
and our pairs with > 95% blast coverage 

19. `s2.10_sample_data_for_structure.py` 
    Sample some protein pairs to conduct structural alignment on, uniform over BLAST 
coverage. 

• Params: `sample_size` number of protein pairs to sample, `metrics` list of queries 
to make from pairs table to sample pairs uniformly over 

• Inputs: `data/database.ddb` 
• Outputs: `data/validation/structure/sample_l2t_data.csv`, a sample of pairs from 

the pairs table, columns include meso and thermo PID, and metrics specified in 
params 

20. `s2.11_structure_hait.py` 
    Run FATCAT structural alignment for Hait et al. pairs by getting PDB structures. 

• Inputs: `data/validation/hait_pairs.csv` 
• Outputs: `data/validation/structure/hait_fatcat.csv`, column include the P-value 

from FATCAT for the alignment 
21. `s2.12_structure_l2t.py` 
    Run FATCAT structural alignment for L2T pairs by getting PDB or AlphaFold 
structures. 

• Inputs: `data/validation/structure/sample_l2t_data.csv` 
• Outputs: `data/validation/structure/l2t_sample_fatcat.csv`, column includes meso 

and thermo PIDs, metrics originally specified to sample uniformly from in s2.10 
 

Parameters 

The full list of parameters and their current values for this work is given in Table 

C.1.1-a below: 

Table C.1.1-a: All parameters in the pipeline to modulate the final result. 

Stage Parameter 
name 

Description Published Value 

get_raw_data_ta
xa 

min_16s_len Minimum number 
of bases in 16s 
rRNA sequence to 
keep the sequence 

1300 

 
max_16s_len Maximum number 

of bases in 16s 
1600 
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rRNA sequence to 
keep the sequence 

parse_proteins  max_prot_per_f
ile  

Number of proteins 
per chunk for 
saving UniProtKB 
as minimal table 

100000 

label_taxa ogt_threshold Binary threshold to 
consider a taxa 
thermophilic, not 
inclusive 

40.0 

get_16s_blast_s
cores 

num_threads BLAST cpus for 
computation 

20 

 
word_size Size of initial exact 

nucleotide 
matching in 
BLAST 

28 

 
gapopen_penalt
y 

Penalty for bit 
score incurred by 
starting a gap in the 
alignment 

2 

 
gapextend_pena
lty 

Penalty for bit 
score incurred by 
extending a gap in 
the alignment 

1 

 
reward Score increase for a 

match in alignment 
1 

 
penalty Penalty for 

mismatch in 
alignment 

-2 

 
ungapped Whether to do an 

alignment without 
allowing gaps 

false 

 
blast_metrics List of metrics 

defined in 
learn2therm.blast.
BlastMetrics to 
compute for 16s 
rRNA alignment 

* See note 1 below 
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label_all_pairs blast_metric_th
resholds  

Nested dictionary 
of name of 
alignment metric 
and two fields 
“thresh” which is 
the threshold for 
considering a pair, 
non inclusive, and 
“greater”, a 
boolean of whether 
we want bigger or 
smaller than the 
threshold 

* See note 2 below 

get_protein_blas
t_scores  

dask_cluster_cl
ass  

Class from Dask 
Jobqueue1 to use 
for parallel workers 

SLURMCluster 

 
max_protein_le
ngth 

Maximum number 
of amino acids, 
inclusive, to keep 
for protein pair 
search 

 

 
method Which aligner to 

use, one of ‘blast’ 
or ‘diamond’ 

diamond 

 
n_jobs Number of 

independent 
parallel workers to 
keep running 

80 

 
save_frequency Number of taxa 

pairs between DVC 
checkpointing 

20000 

 
method_blast_p
arams 

Parameters for 
BLASTp algorithm 

See Table S2 below. 

 
method_diamon
d_params 

Parameters for 
DIAMOND 
algorithm 

See Table S2 below. 

 
blast_metrics List of metrics 

defined in 
learn2therm.blast.

* See note 1 below 
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BlastMetrics to 
compute for 
protein alignment 

run_hmmer e_value Maximum E value 
for labelling Pfam 
annotations with 
HMMER 

1.e-10 

 
chunk_size Number of vector 

chunks to run at a 
time 

2000 

 
prefetch Boolean of whether 

to load HMMs into 
memory, or leave 
as disk iterator 

true 

 
njobs Number of CPUs 

to use for parallel 
pyhmmer 

32 

 
scan Whether to use 

HMMScan, 
alternative 
HMMSearch 

false 

sample_data_for
_structure 

sample_size Number of protein 
pairs to keep for 
structural 
alignment 

10,000 

 
metrics Queries of protein 

pairs table to 
compute and use 
for sampling, the 
columns is binned 
into 5 bins and 
samples uniformly 
from those bins 

[“(query_align_cov+subject
_align_cov)/2.0"] 

 

Table C.1.1-b: Parameters for BLASTp, if using it for protein alignment 

Parameter 
name 

Description Published 
Value 
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num_threads CPUs for each worker to run BLASTp 6 

word_size Size of initial Amino Acid matching in BLASTp 3 

gapopen Penalty to bit score for opening a gap in alignment 11 

gapextend Penalty to bit score for extending a gap 1 

matrix Substitution matrix for comparing amino acids in 
alignment 

BLOSUM62 

threshold Minimum score for word to be added to lookup 
table 

11 

ungapped Whether to run alignment without gaps false 

evalue Maximum E value to keep scoring alignment 0.00001 

qcov_hsp_perc Minimum percent coverage of query strand to 
keep alignment 

75 

 

Table C.1.1-c: Parameters for DIAMOND, if using it for protein alignment 
Parameter 
name 

Description Published 
Value 

num_threads CPUs for each worker to run DIAMOND 6 

sensitivity How sensitive the search should be for initial 
matching 

ultra-sensitive 

gapopen Penalty to bit score for opening a gap in alignment 11 

gapextend Penalty to bit score for extending a gap 1 

matrix Substitution matrix for comparing amino acids in 
alignment 

BLOSUM62 

iterate Whether to start with lower sensitivity alignment false 

global_ranking Limit on the number of Smith Waterman extensions 
per query, with the target sequences ranked by their 
ungapped extension scores. 

null 

evalue Maximum E value to keep scoring alignment 0.00001 

hsp_cov Minimum percent coverage of query and subject 
strand to keep alignment 

75 
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* Note 1: Any metric that is a method name of the class learn2therm.blast.BlastMetrics can 

be specified here. See Section C.1.2 for definitions of these metrics. The values used in this 

work are: [ local_gap_compressed_percent_id, scaled_local_query_percent_id, 

scaled_local_symmetric_percent_id, local_E_value, query_align_start, query_align_end, 

subject_align_end, subject_align_start, query_align_len, query_align_cov, 

subject_align_len, subject_align_cov, bit_score ] 

 

* Note 2: To threshold by E value less than 1e-10, we would have a nested specification like 

the following: 

blast_metric_thresholds: 
  local_E_value: 
    thresh: 1e-10 
    greater: false 

 

C.1.2 Alignment metrics 

A number of metrics were computed for pairwise alignments of 16s sequences and 

proteins, and are given in the database. Their definition, description, and database tag is 

provided below.  

Given an alignment of length L including gaps upon query sequence and subject 

sequence with lengths A and B, a column at position i ∈ [0,L] has: 

• 𝐼! = 1 if the column is a match between the two strands, 0 otherwise 
• 𝐺! = 1 if the column has a gap in the alignment, 0 otherwise 
• 𝐺!O = 1 if the column has a gap in the X strand, 0 otherwise 
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• 𝐺𝐹! = 1 if the column has a gap in the alignment and has no gap column to its left, 
0 otherwise 

• 𝑆!, the bit score of the alignment according to a substitution matrix (BLOSUM62 
was used, however this is a free parameter) 

 

𝑁(𝑋) is used to notate ∑ 𝑋!P
!E( . 

𝑀 is the number of sequences scanned for alignments. 
 

Table C.1.2: Names and definitions of alignment metrics computed. 
Tag Description Definition 

local_gap_compressed_percent_id Percent identity of the 
alignment, with 
contiguous gaps 
counted as only one.  

𝑁(𝐼)
𝐿	 − 	𝑁(𝐺) + 𝑁(𝐺𝐹) 

scaled_local_query_percent_id Percent identity 
normalised to the 
query strand 

𝑁(𝐼)
𝐴  

scaled_local_symmetric_percent_id Percent identity 
normalised to the 
average strand length 

2	𝑁(𝐼)
𝐴	 + 	𝐵 

bit_score BLAST bit score 𝑁(𝑆) 

local_E_value BLAST E value 𝑀𝐴
2D(F)

	 

query/subject_align_cov Coverage of 
alignment on strand 

P	"	D(R45%67)
S

, 
P	"	D(R&58(%9$)

=
 

 

Note: Start and end positions of the alignment on a strand is also tracked as 

query/subject_align_start/end. The difference between start and end, e.g., the length of the 

alignment per strand is tracked as query/subject_align_len. 

C.1.3 16s rRNA alignment 
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Taxa Pairs were determined via alignment of 16s rRNA strands from Refseq using 

BLASTn 2.14.0+. The parameters for the search are shown in Table C.1.3 below, default 

if not listed: 

 
Table C.1.3: BLASTn parameters used. 

Parameter Value 

word_size 28 

gapopen 2 

gapextend 1 

reward 1 

penalty -2 

ungapped false 

evalue 1.0 

perc_identity 0.5 

 

The best HSP as determined as the one with the most coverage of both strands 

(averaged) was then retained for each putative pair. Taxa were labelled as pairs if the 

resulting coverage for both strands was >=98.5% and the gap compressed percent identity 

>=81%. 

C.1.4 Protein alignment 

Reported alignment 
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Protein Pairs were determined via alignment of UniProtKB sequence using 

DIAMOND version 2.1.6, a BLAST-like software. The parameters for the search are 

shown in Table C.1.4 below, default if not listed: 

 

  Table C.1.4: DIAMOND parameters used. 
Parameter Value 

word_size 3 

sensitivity ultra-sensitive 

iterate false 

matrix BLOSUM62 

global_ranking null 

gapopen 11 

gapextend 1 

evalue 0.00001 

max_hsps 100 

id 0 

query-cover 75 

subject-cover 75 

 

The best HSP as determined as the one with the most coverage of both strands 

(averaged) was then retained for the pair and is reported in the dataset with a number of 

alignment metrics (see Section C.1.2).  

 

Cost of alignment 
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Before running protein alignment on many taxa pairs and potentially wasting 

compute, the use of BLASTp to DIAMOND was compared using identical parameters 

wherever possible, eg. word size, matrix, penalties, etc. This was conducted for 10k random 

proteins vs 10k random proteins. The compute time, carbon, and return on investment in 

terms of number of hits is shown below if Figure C.1.3. DIAMOND was chosen for 

alignment given the small decrease in sensitivity compared to near order of magnitude cost 

reduction.  

 

 
Figure C.1.3: BLASTp vs DIAMOND resource test of protein alignment. DIAMOND 

significantly reduces cost while retaining most of the sensitivity. 

C.1.5 Database Schema 
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Figure C.1.5: Schema for presented database. The ‘taxa’ and ‘proteins’ tables contain 

raw data from UniProtKB, RefSeq, and Engqvist. The ‘taxa_pairs’ and ‘pairs’ tables 

contain information on alignment of 16s rRNA and protein sequences. See Table C.1.5 

below for a description of each field in the database. 

 
Table C.1.5: Data fields within the presented relational database. 

Table Field Description 

taxa taxid Primary key, NCBI taxid 

taxa 16s_seq Nucleotides of 16s rRNA sequence 
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taxa 16s_len Length of 16s rRNA strand 

taxa temperature Optimal Growth Temperature 

taxa superkingdom NCBI superkingdom integer identifier 

taxa phylum, …, 
genus 

NCBI integer identifier for taxonomy 

taxa thermophile_label Indicator if organism is a thermophile as determined 
by pipeline parameters 

proteins pid Primary key, UniProtKB identifier 

proteins taxid NCBI taxid of host organism, foreign key to taxa 

proteins pdb_id PDB cross reference if present 

proteins alphafold_id AlphaFold database cross reference 

proteins proteome Identifier of UniProtKB proteome that protein is a part 
of, if present 

proteins protein_seq Amino acids of the sequence 

taxa_pairs thermo_taxid NCBI taxid of thermophile, foreign key to taxa. 
Serves as compound primary key with meso_taxid 

taxa_pairs meso_taxid NCBI taxid of mesophile, foreign key to taxa. Serves 
as compound primary key with thermo_taxid 

taxa_pairs is_pair Indicator if pair of taxa is considered a pair by 
pipeline parameters for downstream protein 
alignments. 

taxa_pairs * A number of alignment metrics, see section C.1.2 

pairs meso_pid UniProtKB identifier of mesophilic protein, foreign 
key to proteins. Serves as compound primary key with 
thermo_pid 
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pairs thermo_pid UniProtKB identifier of thermophilic protein, foreign 
key to proteins. Serves as compound primary key with 
meso_pid 

pairs meso_taxid NCBI taxid of mesophile, foreign key to taxa. Serves 
as compound foreign key with thermo_taxid to 
taxa_pairs 

pairs thermo_taxid NCBI taxid of thermophile, foreign key to taxa. 
Serves as compound foreign key with meso_taxid to 
taxa_pairs 

pairs * A number of alignment metrics, see section C.1.2 

C.1.6 Pfam annotations 

Pfam was used to annotate proteins in protein pairs. For a given protein pair, both 

proteins were run against 19,632 HMMs from Pfam version 35.0 using pyhmmer. 

(Larralde, M.; Zeller, G. PyHMMER: A Python Library Binding to HMMER for Efficient 

Sequence Analysis. Bioinformatics 2023, 39 (5), btad214. 

https://doi.org/10.1093/bioinformatics/btad214) All annotations with sequence hit E-value 

< 1e-10 were retained. The set Jaccard score was then computed for annotations between 

two proteins, as defined below: 

𝐽 = ⋂(S,=)
⋃(S,=)

  Eq. C.1.6 

Where A, and B are the set of Pfam annotations from Protein A and B, respectively. Thus, 

if protein A is labelled with families “pfam_0” and “pfam_1”, while protein B is labelled 

with only “pfam_0”, the Jaccard score is 0.5. If Pfam was unable to find annotations for 

one of two proteins within a pair meeting the minimum HMMER requirements, the Jaccard 



 216 

score is 0.0. Note that protein pairs where neither protein was annotated were ignored for 

analysis, likely falling into an unknown protein family. 

 

C.1.7 OGT Predictor Training 

ProtBERT was fine tuned on proteins from the learn2therm dataset to act as a 

classifier of thermophilic or mesophilic from sequence alone. (Elnaggar, A.; Heinzinger, 

M.; Dallago, C.; Rehawi, G.; Wang, Y.; Jones, L.; Gibbs, T.; Feher, T.; Angerer, C.; 

Steinegger, M.; Bhowmik, D.; Rost, B. ProtTrans: Toward Understanding the Language of 

Life Through Self-Supervised Learning. IEEE Transactions on Pattern Analysis and 

Machine Intelligence 2022, 44 (10), 7112–7127. 

https://doi.org/10.1109/TPAMI.2021.3095381) To prepare for this fine-tuning, the data 

was preprocessed as follows. 

The N=10 mil proteins with sequence length less than or equal to 250 amino acids 

from the database was considered. Data labelled with OGT in [30oC, 60oC) were excluded. 

Proteins with higher temperature were labelled thermophilic while the others were labelled 

mesophilic. The resulting data was randomly downsampled in order to produce a balanced 

dataset of 175k each of thermophilic and mesophilic proteins. In order to minimize 

redundancy in the dataset, MinHash distance removal of sequence tokens was conducted, 

a common step for reducing leakage in traditional natural language datasets. (Team, T. A. 

Text Similarity using K-Shingling, Minhashing and LSH Locality… – Towards AI. 

https://towardsai.net/p/l/text-similarity-using-k-shingling-minhashing-and-lshlocality-

sensitive-hashing, (accessed 2023-03-30)) Here, compute the set of all 3-mers for each 

amino acid sequence was computed, then the MinHash of the resulting set determined 
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using 100 permutations. Proteins were clustered using distance of the MinHash Jaccard 

score > 0.6, and only a single protein was retained from each group. The dataset was finally 

split into development and test set with a fraction of 10% test using random splitting on the 

protein’s taxid, thus no two proteins from the same organism occur across datasets. 

The model itself was downloaded with pre-trained weights from Huggingface, and a 

new MLP layer was created to act as a binary predictor. Specifically, the pretrained 

embeddings of size 1024 from the output of ProtBERT were pooled using a linear 

projection of size 1024 and then mean over amino acids in the sequence, followed by a 

two-neuron binary predictor. The pytorch readout for the model is given below, note that 

neural modules are from Huggingface’s ecosystem. See their model classes here. ( 

Huggingface. BERT. 

https://huggingface.co/docs/transformers/v4.30.0/en/model_doc/bert (accessed 2023-06-

26)) 

 
BertForSequenceClassification( 
 (bert): BertModel( 
   (embeddings): BertEmbeddings( 
     (word_embeddings): Embedding(30, 1024, padding_idx=0) 
     (position_embeddings): Embedding(40000, 1024) 
     (token_type_embeddings): Embedding(2, 1024) 
     (LayerNorm): LayerNorm((1024,), eps=1e-12, elementwise_affine=True) 
     (dropout): Dropout(p=0.0, inplace=False) 
   ) 
   (encoder): BertEncoder( 
     (layer): ModuleList( 
       (0-29): 30 x BertLayer( 
         (attention): BertAttention( 
           (self): BertSelfAttention( 
             (query): Linear(in_features=1024, out_features=1024, bias=True) 
             (key): Linear(in_features=1024, out_features=1024, bias=True) 
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             (value): Linear(in_features=1024, out_features=1024, bias=True) 
             (dropout): Dropout(p=0.0, inplace=False) 
           ) 
           (output): BertSelfOutput( 
             (dense): Linear(in_features=1024, out_features=1024, bias=True) 
             (LayerNorm): LayerNorm((1024,), eps=1e-12, elementwise_affine=True) 
             (dropout): Dropout(p=0.0, inplace=False) 
           ) 
         ) 
         (intermediate): BertIntermediate( 
           (dense): Linear(in_features=1024, out_features=4096, bias=True) 
           (intermediate_act_fn): GELUActivation() 
         ) 
         (output): BertOutput( 
           (dense): Linear(in_features=4096, out_features=1024, bias=True) 
           (LayerNorm): LayerNorm((1024,), eps=1e-12, elementwise_affine=True) 
           (dropout): Dropout(p=0.0, inplace=False) 
         ) 
       ) 
     ) 
   ) 
   (pooler): BertPooler( 
     (dense): Linear(in_features=1024, out_features=1024, bias=True) 
     (activation): Tanh() 
   ) 
 ) 
 (dropout): Dropout(p=0.0, inplace=False) 
 (classifier): Linear(in_features=1024, out_features=2, bias=True) 
) 

 

The model was then fine tuned for two epochs on the 280k training proteins. The training 

parameters are given below: 

 
TrainingArguments( 
_n_gpu=1, 
adafactor=False, 
adam_beta1=0.9, 
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adam_beta2=0.999, 
adam_epsilon=1e-08, 
auto_find_batch_size=False, 
bf16=False, 
bf16_full_eval=False, 
data_seed=None, 
dataloader_drop_last=False, 
dataloader_num_workers=0, 
dataloader_pin_memory=True, 
ddp_bucket_cap_mb=None, 
ddp_find_unused_parameters=None, 
ddp_timeout=1800, 
debug=[], 
deepspeed=None, 
disable_tqdm=False, 
do_eval=True, 
do_predict=False, 
do_train=True, 
eval_accumulation_steps=25, 
eval_delay=0, 
eval_steps=6, 
evaluation_strategy=steps, 
fp16=True, 
fp16_backend=auto, 
fp16_full_eval=False, 
fp16_opt_level=O1, 
fsdp=[], 
fsdp_min_num_params=0, 
fsdp_transformer_layer_cls_to_wrap=None, 
full_determinism=False, 
gradient_accumulation_steps=25, 
gradient_checkpointing=True, 
greater_is_better=False, 
group_by_length=False, 
half_precision_backend=cuda_amp, 
hub_model_id=None, 
hub_private_repo=False, 
hub_strategy=every_save, 
hub_token=<HUB_TOKEN>, 
ignore_data_skip=False, 
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include_inputs_for_metrics=False, 
jit_mode_eval=False, 
label_names=None, 
label_smoothing_factor=0.0, 
learning_rate=5e-05, 
length_column_name=length, 
load_best_model_at_end=True, 
local_rank=0, 
log_level=info, 
log_level_replica=passive, 
log_on_each_node=True, 
logging_dir=./data/ogt_protein_classifier/model/runs/Jun19_12-16-35_g3070, 
logging_first_step=False, 
logging_nan_inf_filter=True, 
logging_steps=1, 
logging_strategy=steps, 
lr_scheduler_type=linear, 
max_grad_norm=1.0, 
max_steps=-1, 
metric_for_best_model=loss, 
mp_parameters=, 
no_cuda=False, 
num_train_epochs=2, 
optim=adamw_hf, 
optim_args=None, 
output_dir=./data/ogt_protein_classifier/model, 
overwrite_output_dir=False, 
past_index=-1, 
per_device_eval_batch_size=32, 
per_device_train_batch_size=32, 
prediction_loss_only=False, 
push_to_hub=False, 
push_to_hub_model_id=None, 
push_to_hub_organization=None, 
push_to_hub_token=<PUSH_TO_HUB_TOKEN>, 
ray_scope=last, 
remove_unused_columns=True, 
report_to=['tensorboard', 'codecarbon'], 
resume_from_checkpoint=None, 
run_name=./data/ogt_protein_classifier/model, 
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save_on_each_node=False, 
save_steps=6, 
save_strategy=steps, 
save_total_limit=None, 
seed=42, 
sharded_ddp=[], 
skip_memory_metrics=True, 
tf32=None, 
torch_compile=False, 
torch_compile_backend=None, 
torch_compile_mode=None, 
torchdynamo=None, 
tpu_metrics_debug=False, 
tpu_num_cores=None, 
use_ipex=False, 
use_legacy_prediction_loop=False, 
use_mps_device=False, 
warmup_ratio=0.0, 
warmup_steps=0, 
weight_decay=0.0, 
xpu_backend=None, 
) 

 

The final model model was saved and evaluated against the test set. It can be found on the 

Huggingface Hub, here. (Komp, Evan; Beck, David. Learn2therm_model, 2023. 

https://doi.org/10.57967/hf/0815) 

C.1.8 ESM Mapping 

To produce a 2D mapping of proteins (Figure 3-4-right), ESM2 embeddings were 

used. (Verkuil, R.; Kabeli, O.; Du, Y.; Wicky, B. I. M.; Milles, L. F.; Dauparas, J.; Baker, 

D.; Ovchinnikov, S.; Sercu, T.; Rives, A. Language Models Generalize beyond Natural 

Proteins. bioRxiv December 22, 2022, p 2022.12.21.521521. 

https://doi.org/10.1101/2022.12.21.521521) First, embeddings from ESM Atlas were 
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retrieved for all proteins with Tm>0.9 and pLDDT>0.9. These are the proteins that the 

ESM language model’s structural prediction module is most confident in, eg. those that are 

not likely extrapolative given the training sequences/structures. The embeddings represent 

the mean over sequence tokens of the pretrained model’s output latent space, producing a 

single size 2,560 vector for each protein sequence.  

 
Due to computational cost, data was sampled in order to make dimensionality 

reduction achievable. Only 500k proteins from the ESM Atlas were retained by random 

sampling. Proteins from pairs from learn2therm and Hait et al.’s dataset were then 

randomly sampled, retaining the ratio of dataset sizes to each other and to the ESM Atlas. 

This resulted in 240k proteins from learn2therm dataset, and 82 from Hait et al.’s. The 

same pretrained model version (‘esm2_t36_3B_UR50D’) as was used for ESM Atlas was 

again used to embed learnt2therm and Hait et al.’s proteins.  

Finally, multicore T-SNE was used on the embedded vectors down to two 

dimensions with the following parameters, the rest default: 

 
Table C.1.8: Parameters used for T-SNE dimensionality 
reduction of ESM embeddings. 

Parameter Value 

n_iter_early_exag 500 

n_iter 2000 

perplexity 30.0 

theta 0.5 
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The T-SNE process was repeated for Figure 3-21, where learn2therm was reduced 

alone, and those examples that occurred in NOMELT’s training dataset were identified, 

retaining the sampling ratios used to produce the proteins used for embedding. 

 

C.2 NOMELT training and evaluation 

C.2.1 Pairwise alignment 

Case studies discussed in the main text were BLASTed against the training set of 

NOMELT to ensure that no close homologs were seen during training. This includes En-

HD, LovD, and LipA. The parameters used were: 

-evalue 2.0 -outfmt 5 -num_threads 32 -word_size 3 -matrix BLOSUM62 -
qcov_hsp_perc 80 
 

Full Smith-Waterman alignment in Biopython is also leveraged in order to posit mutations 

upon a sequence leading to a variant. The parameters are: 

matrix: BLOSUM62 
match_score: 1 
mismatch_score: -1 
gapopen: -4 
gapextend: -1 
penalize_end_gaps: false 

C.2.2 jackhmmer parameters 

Jackhammer was used to produce MSAs for each test set example against other 

thermophilic sequences, in order to compute positional cross entropy over natural variation. 

The parameters are the same as used by AF2 searches: 
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--noali --F1 0.0005 --F2 0.00005 --F3 0.0000005 --incE 0.0001 -E 0.0001 --cpu 32 

-N 1 

C.2.3 MMSeqs2 parameters 

--min-seq-id 0.5 --cluster-reassign 1 --cluster-steps 5 -s 7 --max-seqs 1000 -c 

0.95 --cov-mode 0 --similarity-type 2 -e 1e-3 --cluster-mode 1 --threads 32 

 

C.2.4 NOMELT hyperparameters 

NOMELT is a finetuned from ProtT5-XL, the Pytorch readout is given below: 

{ 
  "_name_or_path": "Rostlab/prot_t5_xl_uniref50", 
  "architectures": [ 
    "T5ForConditionalGeneration" 
  ], 
  "classifier_dropout": 0.0, 
  "d_ff": 16384, 
  "d_kv": 128, 
  "d_model": 1024, 
  "decoder_start_token_id": 0, 
  "dense_act_fn": "relu", 
  "dropout_rate": 0.1, 
  "eos_token_id": 1, 
  "feed_forward_proj": "relu", 
  "initializer_factor": 1.0, 
  "is_encoder_decoder": true, 
  "is_gated_act": false, 
  "layer_norm_epsilon": 1e-06, 
  "model_type": "t5", 
  "n_positions": 512, 
  "num_decoder_layers": 24, 
  "num_heads": 32, 
  "num_layers": 24, 
  "output_past": true, 
  "pad_token_id": 0, 
  "relative_attention_max_distance": 128, 
  "relative_attention_num_buckets": 32, 
  "transformers_version": "4.34.0.dev0", 
  "use_cache": true, 
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  "vocab_size": 128 
} 
 

The parameters and their final versions used to prepare the data and train the model are 

given in Table C.2.1. 

Table C.2.1: Tunable parameters used to train the final model. 

Parameter Final Value Description 

Data preparation 

min_thermo_temp 60.0 Temperature to consider a thermophile 

min_temp_diff 0.0 Minimum difference in temps to consider 
pair 

max_meso_temp 40.0 Maximum temperature to consider a 
mesophile 

min_align_cov 0.95 Minimum protein pair alignment coverage 
(avg) 

mmseq_params coverage: 0.95 

min-seq-id: 0.5 

cluster-mode: 1 

similarity-type: 2 

sensitivity: 7 

max-seqs: 1000 

cluster-steps: 5 

cluster-reassign: 1 

e: 1e-3 

Parameters passed to MMSeqs to cluster 
dataset for splitting. 

test_size 0.1 Fraction used to split dev and test set, and 
val set from dev set. Approximate, based 
on MMSeqs’ cluster sizes. 

additional_filters ‘abs({seq_len_diff})/
{meso_seq_len}<0.1
’ 

Statement that can be evaluated on 
columns in the protein pairs learn2therm 
dataset to filter it. 
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Model Architecture 

pretrained_model Rostlab/prot_t5_xl_u
niref50 

Foundational model to start with 

model_hyperpara
ms 

dropout_rate: 0.1 

relative_attentin_max
_distance: 250 

Hyperparameters directly passed to 
Huggingface T5Params class. 

generation_max_l
ength 

250 Max size of stochastic generations 

generation_num_
beams 

10 Number of beams for BEAM search 

Training 

reweight false Whether to weigh examples in training set 
by inverse cluster size for loss 
computation 

freeze_early_layer
s 

0.2 Fraction of T5 blocks to be frozen, bottom 
up. 

epochs 1 Number of training epochs for the 
evalution model. Ignored for the final 
model which trains the same fraction of 
steps as the eval model did. 

early_stopping True Whether to stop training early for the 
evalutation model 

early_stopping_pa
tience 

4 Steps to wait for improvement before 
stopping 

early_stopping_th
reshold 

0.01 Evaluation loss required to count as 
improvement 

per_device_batch
_size 

20 Size of training examples per GPU per 
step. 

gradient_accumul
ation 

8 Batches of gradients to accumulate before 
taking a backward step. 

learning_rate 1.e-4 Optimizer learning rate 

gradient_checkpoi
nting 

True Whether to use gradient checkpointing 
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evals_per_save 3 Number of evaluation steps between 
model evaluation, for checkpointing and 
early stopping 

evals_per_epoch 500 Number of evaluation steps per epoch 
during training 

lr_scheduler_type ‘linear’ Type of learning rate schedule over 
training epochs 

warmup_ratio 0.1 Fraction of total training steps spent 
warming up to max from 0.0 learning rate 

label_smoothing_
factor 

0.001 Smoothing for one-hot encoded labels 

optim ‘adamw_hf’ Optimizer type used 

optim_args Null Additional hyperparameters for optimizer 

bf16 true Use bf16 parameter precision 

fp16 false Use fp16 parameter precision 

eval_single_exam
ple_per_cluster 

true Use one random example from each 
validation set cluster to run evaluation, 
otherwise whole set 

Testing parameters 

only_one_from_cl
uster 

true Use one random example from each test 
set cluster for held out testing, otherwise 
whole set 

Mutation optimization 

use_relaxed false Whether to run AMBER relaxation for 
AF2 predictions 

fix_msas true Whether to skip MSA generation for AF2 
inputs that have already been run 

num_replicates 25 Number of stochastic AF2 predictions per 
protein 

residue_length_no
rm 

true Whether to normalize average Rosetta 
free energy of AF2 ensemble by the 
number of amino acids 

n_trials 100 Number of trials to run, each with a 
sample of the set of mutations 
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sampler NSGAIISampler Method of sampling next mutations from 
a set of mutations 

population_size 10 Size of generation for each round of 
evolutionary optimization 

cut_tails null Number of residues to keep off the end of 
a mutant when aligned with the wild type 
when determining mutations suggested by 
the model 

gap_compressed_
mutations 

true Compress gaps suggested by model into a 
single mutation 

matrix ‘BLOSUM62’ Matrix used for alignment when 
determining mutations suggested by the 
model 

match_score 1 Score for matches when aligning wild 
type to model translation 

mistmatch_score -1 Score for mismatches when aligning wild 
type to model translation 

gapopen -4 Penalty for opening a gap when aligning 
wild type to model translation 

gapextend -1 Penalty for extending a gap when aligning 
wild type to model translation 

penalize_end_gap
s 

false Whether to penalize end gaps when 
aligning wild type to model translation 

 

C.2.5 Molecular Dynamics Runs 

En-HD variants were simulated using GROMACS starting from PDB files as follows, after 

conversion to .gro format. 

The protein was placed in a box, solvated, and neutralized: 

``` 
gmx editconf -f chd.gro -o chd_box.gro -c -d 1.0 -bt cubic  
gmx solvate -cp chd_box.gro -o chd_solv.gro -p topol.top 
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gmx grompp -f ions.mdp -c chd_solv.gro -p topol.top -o ions.tpr  -maxwarn 1 
gmx genion -s ions.tpr -o chd_ions.gro -p topol.top -neutral	
``` 

NPT Equilibration: 

``` 
; 
;   GROMACS 
;   Input for NPT 
; 
; 
;define         =  -DPOSRES 
integrator      =  md  
nsteps          =  100000 
dt          =  0.002 
; 
; Removing CM Translation and Rotation 
comm_mode       =  Linear  
nstcomm         =  1000 
; 
; Output Control  
nstlog          = 1000 
nstenergy       = 100 
nstxout         = 0 
nstvout         = 0 
nstxtcout               = 1000 
nstfout         = 0 
; 
; Neighbour Searching 
nstlist         = 10 
ns_type         = grid 
pbc         = xyz 
rlist           = 1.0  
; 
; Electrostatic 
rcoulomb        = 1.0 
coulombtype     = pme 
fourierspacing      = 0.12 
;periodic_molecules     = yes 
; 
; VdW 
vdw-type                = shift 
rvdw                    = 1.0  
; 
; Constraints 
constraints     = h-bonds  
constraint-algorithm    = lincs 
lincs_iter      = 4 
; 
; Temperature 
Tcoupl          = v-rescale  
tc_grps         = system  
tau_t           = 0.1 
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ref_t           = 298.15 
; 
; Pressure 
Pcoupl          =  berendsen 
Pcoupltype      =  isotropic 
tau_p           =  1.0 
compressibility     =  4.5e-5 
ref_p           =  1.0  
; 
; Initial Velocities 
gen_vel         = yes 
gen_temp        = 298.15 
gen_seed        = -1 
``` 
 

Production Run: 

``` 
integrator              = md 
dt                      = 0.002 
nsteps                  = 500000000     ;1us 
nstxtcout               = 40000 
nstvout                 = 0 
nstfout                 = 0 
nstcalcenergy           = 100 
nstenergy               = 10000 
nstlog                  = 10000 
; 
cutoff-scheme           = Verlet 
nstlist                 = 10 
vdwtype                 = Cut-off 
vdw-modifier            = Force-switch 
rvdw_switch             = 1.0 
rvdw                    = 1.2 
rcoulomb                = 1.2 
rlist                   = 1.2 
coulombtype             = PME 
; 
tcoupl                  = V-rescale 
tc_grps                 = System 
tau_t                   = 1.0 
ref_t                   = 298 
; 
; 
constraints             = h-bonds 
constraint_algorithm    = LINCS 
continuation            = yes 
; 
nstcomm                 = 100 
comm_mode               = linear 
; 
``` 


