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Abstract 

Generative Models for Synthetic Biology 

Tomasz Blazejewski 

 

 Over the past several years, the fields of synthetic biology and machine learning have 

demonstrated marked advances in the scale of their capabilities and the success of their 

applications. The work presented in this thesis focuses on the translation of recent advances in 

machine learning toward new applications in synthetic biology. In particular it is argued that the 

needs of synthetic biology researchers and practitioners are well met by a class of generative 

machine learning models, and that the scale of synthetic biology capabilities allows for their 

successful application across multiple domains of interest. 

 In Chapter 1, a novel algorithm utilizing Markov Random Fields is used to, for the first 

time, design functional synthetic overlapping pairs of genes with potential applications for 

improved biological robustness and biosafety. In Chapter 2, motivated by a desire to extend the 

scope of protein sequence modeling to a greater range and diversity of protein sequences, a 

variant of a variational autoencoder model is used to project hundreds of millions of protein 

sequences into a continuous latent space with potentially useful representation features. Finally, 

in Chapter 3, we move beyond the realm of protein sequences to define a probabilistic species-



 

 

specific model of regulatory sequences and explore this modelôs utility for the challenging task 

of gene expression prediction for non-model bacterial organisms. 

 Machine learning models presented in this thesis represent novel applications of models 

traditionally applied to data in the domains of images, text or sound toward addressing 

challenging problems in biology. Particular attention is devoted to the challenging task of 

utilizing large amounts of unlabeled data present in metagenomic sequences and the genomes of 

poorly characterized bacteria in the hope of improving researchersô abilities to manipulate 

complex biological phenomena. 
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Introduction  

Fundamental challenges in synthetic biology 

 Synthetic biologists aim to utilize insights gleaned from the vast diversity of living 

organisms on the planet to create new biological tools and systems capable of performing new 

functions. Toward this aim, much of synthetic biology is concerned with the design and 

optimization of the fundamental units of biological information: DNA and protein sequences. 

Early applications in synthetic biology often depended on the use of mixing and matching 

existing biological components, partly due to the challenges involved in synthesizing large 

fragments of DNA with a given sequence. With the rise of cheap and scalable DNA synthesis 

technologies, synthetic biology is on the cusp of an era in which synthesis of DNA molecules is 

commonplace and inexpensive, and novel applications are primarily limited by practitionersô 

ability to successfully design biological sequences. This thesis explores the capacity to address 

this potential limitation by applying a class of statistical models known as generative models to 

address challenges in the design of proteins and DNA. To begin, key aspects of the considered 

biological and computational machinery underlying proposed methods are introduced. 

Approaches to modeling biology 

 Fundamentally, the success of synthetic biology is determined by researchersô ability to 

generate new functional biological sequences as well as their ability to use existing sequences in 

new contexts, generally by modifying these sequences. Experimental evolution [1] and other 

techniques relying on randomization and selection to explore alternative configurations have 

demonstrated significant utility [2-5], but modifications to biological components frequently 

encompass many degrees of freedom leading to extremely large search spaces that may be 
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impossible to explore adequately through random sampling. Further, randomization approaches 

generally rely on high-throughput assays reliant on outputs such as cell growth or fluorescence 

that may be difficult or impossible to engineer, especially in non-model organisms that may be 

difficult to transform or cultivate. 

 Given that random sampling is unlikely to achieve the ambitious aims of synthetic 

biologists, the success of the field is contingent on constructing models of biological sequences. 

Models formally describe relationships between observed data points (e.g. sequences, protein 

structures) and underlying variables that may be observable (temperature) or hidden 

(evolutionary histories). Successful models allow exploration of vast sequence spaces by 

distinguishing subsets of variables whose alteration may be maximally impactful and by 

estimating the values or perturbations that might help achieve a desired outcome. Model quality 

can therefore be evaluated in terms of the modelôs ability to accurately delineate the structure of 

interactions between model components and predict future observations. 

Though model taxonomies are seldom completely clear, a potential differentiation point 

from the standpoint of their applicability to biological problems may be the level of mechanistic 

understanding of a process that is required to accurately model observations.  

Thermodynamic and biophysical models, for example, translate decades of advances in 

scientific understanding about properties of interacting molecules to predict the likely effects of 

perturbations to targeted systems. This variety of model has enjoyed extensive use in synthetic 

biology, particularly as a component of models seeking to predict structural configurations of 

DNA, RNA, and proteins [6, 7], as well as other applications such as predicting the strength of 

translation initiation in ribosomal binding sites or predicting flux through metabolic reactions [8, 

9].  
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A drawback of such approaches is that though often accurate, the models generally 

require detailed understanding of the structure of underlying processes that result in observed 

outcomes and fairly precise quantification of molecular properties such as molecular 

concentrations or inter-molecular affinities. This high quality of information may be difficult to 

collect, especially in organisms that may be difficult to study under laboratory conditions. 

Statistical models flexibly account for uncertain variable parameterizations by explicitly 

modeling uncertainty and stochasticity, allowing statistical inference procedures guided by 

observed data to define probability distributions over variables. To do so, these models generally 

define an expected structure of interactions between observed and unobserved (latent) variables: 

models more accurately capturing true data structure tend to perform better, and the proposed 

structure of models can often be iteratively improved in order to better fit observations [10]. 

In the considered taxonomy of models, modern machine learning approaches require the 

minimum level of understanding about the processes that underlie observations: these models 

seek to agnostically approximate transformations from inputs to outputs. This aim is achieved 

through flexible composition of large sets of parameters organized into generic structures that 

can be efficiently optimized and applied to large datasets. These models are primarily evaluated 

in terms of the accuracy of their predictions, but the interpretation of individual parameters is 

often challenging. 

This thesis seeks to define and utilize models at the intersection of statistics and machine 

learning. Such models have the advantage of flexibly approximating complex datasets while also 

being able to incorporate some degree of known structure about the systems being investigated. 

These desiderata are well suited to the task of biological sequence modeling, where recent 

advances in DNA sequencing have resulted in plentiful data related to organisms that are only 
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partly characterized [11]. This thesis is particularly interested in developing models that capture 

factors of variation underlying the biological sequences observed in nature: this variety of model, 

termed a generative model, has direct applicability to the aim of constructing and modifying 

sequences toward desired outcomes. 

 Statistically speaking, given a dataset of ὔ items (in our case biological sequences), ὢ

ὼȟὼȟȣȟὼ , a generative model seeks to capture the distribution of data within a dataset, 

ὴὢ. This target distinguishes generative models from classification or regression models, 

which seek to model the probability of an auxiliary observation given a data point, ὖὣȿὢ, 

where ὣ ώȟώȟȣώ  are labels (in the case of classification) or continuous quantities (in the 

case of regression) we seek to predict. Within the field of machine learning, this distinction 

underlies the difference between supervised models (related to classification/regression models) 

and unsupervised models (related to generative models). 

The task of fitting a supervised model is generally computationally easier as probability 

densities over labels or continuous targets tend to be simpler to evaluate and optimize. Consider 

a model of the classic machine learning dataset of hand-written digits, MNIST [12]. If simplified 

such that each of the 784 pixels in each image can be black or white, naive calculation of ὴὢ 

would generally require enumeration over all possible ς  possible combinations of input 

dimensions. A classification model seeking to assign a label from 0-9 for each digit, meanwhile, 

need only define a probability distribution over 10 classes, a trivial operation. 

 Supervised models have enjoyed enormous success in computational biology contexts. 

Examples of their use include predictions of protein secondary structure, transcription factor 

binding affinities, protein structure prediction and more [13-17]. A key limitation of the 

approach is that labels or targets are required to train the models. In the context of biological 
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sequences, this generally constitutes an important limitation: over the past several decades, 

scientistsô ability to sequence genetic information has far outstripped their progress in 

experimentally analyzing the biochemical properties of collected sequences. As a result, the 

largest biological datasets contain on the order of billions of protein sequences, but many of them 

are sourced from organisms that have never been cultivated in laboratories. Analysis of the small 

subset of sequences that have been classified, labeled, or experimentally characterized therefore 

limits the potential scope of supervised models to a small fraction of available data. 

Previous use of generative models in computational biology 

 Generative models have a rich history of applications in computational biology, which 

we consider here briefly. The most widespread use of generative models is perhaps the 

application of Hidden Markov Models (HMMs) to protein sequence families: HMMs model a 

sequence of observed characters as the outputs of internal hidden states following a Markov 

process. These relatively simple models can be directly trained to maximize the likelihood of 

observed data and were found to be useful in developing sensitive models of protein families 

constructed through multiple sequence alignments [18]. They are still used consistently in large-

scale analyses of protein homology [19]. 

 HMMs demonstrate the importance of structural assumptions in statistical models: by 

assuming a Markov property for computational convenience, amino acids within a protein 

sequence are assumed to be independent. This assumption is limiting when seeking to construct 

functional protein sequences, as the 3-D structure of proteins leads to interactions between amino 

acids. Markov Random Field (MRF) models [20, 21] improve the model by capture probabilities 

of individual amino acids as well as pairwise terms describing interactions between amino acids: 
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the utility of these models in capturing information about interactions between variables has been 

demonstrated in their application to predicting inter-residue distances in protein structures [22]. 

 MRFs demonstrate an additional feature of the importance of structural assumptions: 

though the modelôs incorporation of pairwise interactions increase fidelity to the data-generating 

mechanisms of true protein sequences, the number of terms required to compute the partition 

function, a necessary component of a normalized probability distribution, rises exponentially. As 

such ὴὢ can not be computed exactly with non-trivial MRF models, and maximum likelihood 

optimization is no longer possible. The model must instead be approximately optimized through 

alternative methods. A particularly successful optimization method to date for MRF models is 

optimization of the pseudolikelihood objective [23], a form of composite likelihood which 

maximizes the conditional likelihood of a considered state conditioned on the current value of all 

other states in the model. Alternative reasonable optimization mechanisms have been suggested 

to date, and as will be demonstrated in sections to follow, appropriate training objectives 

represent a key consideration in the development of potential biological models. 

 Generative models have also been used to model aspects of biology that are not explicitly 

tied to biological sequences as outputs. These applications include probabilistic models of human 

population structure [24], analysis of gene networks [25], single-cell data [26, 27], and more 

[28]. 

Recent advances in machine learning and neural networks 

 An important contributor to the recent success of machine learning applications in many 

domains (including computer vision, speech recognition, computational biology and others) is 

the maturation of techniques involved in training a class of models known as deep neural 

networks. These techniques have permitted researchers to utilize deep neural networks as a 



7 

 

general method by which to create flexible non-linear function approximators that can be 

relatively easily optimized and used directly for classification tasks and regression tasks, and as 

expressive, flexible components of other complex models. 

 An artificial neural network (ANN) is a machine learning model with loose connections 

to the function of neurons in animal brains. In the most typical case, ANNs can be described 

graphically as a series of nodes (neurons or units) organized into one or more layers, such that 

nodes in one layer are connected via weighted edges to neurons in preceding and succeeding 

layers. The ñactivationò of a node in a given layer is generally constructed through an ñactivation 

functionò Ὤὼ that produces a numerical output based on an affine transformation of activations 

of nodes in previous layers weighted by corresponding edges in a ñweight matrixò. In the case of 

non-linear activation functions such as Ὤὼ ÔÁÎÈ ὼ, it can be demonstrated that a neural 

network with a single hidden layer can act as a universal function approximator [29].  

Deep neural networks typically refer to ANNs with more than three layers of neural units, 

leading to improved expressivity and performance in many tasks [30]. Training of neural 

networks generally utilizes backpropagation, an application of the chain rule of calculus which 

updates weights within the network based on a gradient of a loss function [31]. As 

backpropagation depends on differentiability with respect to an optimization function, it is 

generally only possible to use for functions of continuous variables, and optimization of neural 

networks with discrete units tends to be more challenging to achieve. 

Since the first introduction of the perceptron model in the late 1950s [32], neural 

networks have represented an appealing mechanism by which to construct function 

approximators, but recent improvements have significantly improved their performance on 

arbitrary data. These improvements include improved understanding of the role of good 
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initializations in deep neural networks [33], use of batch normalization [34], adaptive learning 

rate optimization [35, 36], and other techniques [37] to stabilize and accelerate training, and the 

use of residual neural networks to construct extremely deep neural networks that can be trained 

effectively [38, 39]. Successful use of neural networks within computational biology and other 

domains has also been simplified through the introduction of software frameworks that utilize 

auto-differentiation techniques to easily construct complex neural network architectures [40, 41]. 

Recent neural varieties of generative models 

 Recently, advances in stable optimization of neural networks have led to a surge of new 

forms of generative models utilizing neural network parameterizations. In this introduction, two 

major categories of modern generative models used in this thesis are considered: auto-regressive 

models and models utilizing amortized variational inference, including variational auto-encoders 

(VAEs). These varieties of generative models are distinguished by their suitability to large-scale 

optimization, proven track-record across many data modalities, and applicability to observations 

of discrete sequences: the latter requirement is essential to building models of biological 

sequences, but is not easily achieved by popular alternative generative models such as generative 

adversarial networks [42] or flow-based models [43, 44] which generally rely on 

backpropagation, and therefore continuity, through observed data points. 

Neural autoregressive models 

 The fundamental objective of a generative model is to build a probabilistic model of a 

dataset of N items, ὴὢ, where ὢ ὼȟὼȟȣȟὼ , such that likelihoods of observations can be 

evaluated and new synthetic data points can be sampled.  

For a given data point, ὼ, of dimension Ὀ, autoregressive models achieve the task of 

modeling ὴὼ  by modeling each dimension of the data point: 
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ὴὼ ὴὼȟ ᷊ὴὼȟ ᷊ὴὼȟ ᷊ȣ᷊ὴὼȟ  

where ὴὼȟ  is the probability of the jth dimension of the ith data point according to some 

ordering of the dimensions (i.e. N-terminal to C-terminal for protein sequences). The probability 

of the whole data point is decomposed into a sequence of conditional probabilities across 

dimensions via the chain rule of probability: 

ὴὼ ὴὼȟ ὴὼȟὼȟ ὴὼȟὼȟȟὼȟ ȣὴὼȟ ὼȟ ȟȣȟὼȟ  

 Data likelihoods can be assessed by determining the product of the conditional 

likelihoods of each dimension of the observed data points, and novel data points can be sampled 

by sampling each dimension of an observation step-by-step based on the model-defined 

conditional likelihoods.  

 To model conditional likelihoods across diverse inputs, auto-regressive neural network 

models utilize powerful neural networks as function approximators. Early work in this space 

includes the development of recurrent neural networks (RNNs): neural networks that defined the 

likelihood of an observation conditioned on a hidden state, h, updated after each observed data 

dimension through trainable weights [45, 46]. The success of recurrent neural networks was 

further improved by the introduction of the long short-term memory (LSTM) architecture, which 

improved the training efficacy of recurrent neural networks on long sequences [47]. 

 While effective at modeling many forms of data, recurrent neural networks remained 

slow relative to other types of neural networks due to the iterative nature of their state updates. 

This limitation motivated the development of neural network architectures able to fit predictions 

across the length of a sequence through parallel, non-recurrent mechanisms. Masked 

autoregressive density estimators (MADE) trained families of neural networks acting in parallel 

across data dimensions to model conditional likelihoods with binary masks defining unobserved 
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dimensions [48]. This concept was extended in PixelCNN and Wavenet architectures by 

observing that the fixed-length receptive field of convolutional neural operators could be 

similarly designed to form causal convolutions, which shift and mask inputs in order to model 

autoregressive conditional likelihoods [49, 50]. This idea was further extended in the 

Transformer Network, which uses single-dimension convolutions and masked attention networks 

in order to define conditional likelihoods of sequences with potentially unbounded upstream 

context length [51]. Such models define the state-of-the-art across a wide set of important tasks 

such as language modeling and audio generation. 

 A potential downside of purely autoregressive models is that they are trained to model 

conditional likelihoods and therefore form deep representations across each individual dimension 

in a sequence. As a result they generally lack a global representation of whole sequences: this 

problem has sometimes been addressed by using commutative summaries of all hidden states in a 

sequence, such as a sum or mean of these values, but these summaries are not optimized to 

capture global features of the sequence. 

Variational inference and neural variational models 

 A separate approach to generative models is through variational models, which seek to 

model ὴὼ by conditioning on a set of unobserved random latent variables ᾀ drawn from some 

prior ὴᾀ forming a joint distribution ὴὼȟᾀ ὴὼȿᾀὴᾀ that can be modeled using 

variational inference, which seeks to approximate the posterior ὴᾀȿὼ of the latent random 

variables given observed data [52]. The true posterior is typically impossible to compute exactly: 

variational inference approaches its approximation as an optimization problem. This is achieved 

by positing a variational distribution ήᾀ from a simpler family of densities over the latent 

variables. The family is chosen so that it is simpler to work with than the true posterior: a typical 
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case might be to assume independence between latent variables (mean-field approximation) 

whereas the true posterior might include dependencies between variables. The objective of 

variational inference is to find the member, ήᶻᾀ, of the variational family that is closest to the 

true posterior, where proximity is measured by the Kullback-Leibler divergence. 

This objective is optimized through a lower-bound on the log-likelihood, the Evidence Lower 

BOund (ELBO): 

ÌÏÇὴὼ Ὁὒὄὕή Ὁ ÌÏÇὴὼȿᾀ ὑὒήᾀᴁὴᾀ  

Ὁ ÌÏÇὴὼȿᾀ Ὁ ÌÏÇὴᾀ Ὁ ÌÏÇήᾀ  

Where Ὁ denotes expectation with respect to the random variable q. 

Traditionally, variational inference was approached through conventional optimization 

techniques: variational parameters associated with individual data points (local parameters) as 

well as parameters associated with global model structure (global parameters) were initialized 

and explicit updates maximizing the ELBO were derived, with the total objective being 

optimized iteratively through coordinate ascent on the whole dataset [53]. Later, stochastic 

variational inference was introduced [54], allowing some models to be optimized through 

updates on local and global variables based on subsets of data, improving algorithm scalability. 

An important advance in the potential scope of variational inference came with the 

introduction of the variational auto-encoder (VAE) [55, 56]. The authors of the VAE introduce a 

mechanism by which to obtain a differentiable estimator of the ELBO using a 

ñreparameterization trickò by which Monte Carlo samples were drawn from a distribution 

according to a deterministic differentiable parameter, ‘, and an independent stochastic variable, 

‭. As opposed to separately optimizing each local variable, it was demonstrated that the 

reparameterization trick allowed a neural network to amortize inference: instead of fitting each 
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local variable separately, a single ñencoderò neural network is trained to infer appropriate 

variational parameters for each input, minimizing the KL divergence between the inferred 

parameters and the prior distribution. Using the reparameterization trick, these inferred variables 

are then sampled, and a ñdecoderò network re-constructs the input. The ELBO is recovered: 

Ὁὒὄὕ ὑὒήᴁὴ ὩὲὧέὨὩὶ 

 ὰέὫὴὼȿᾀ ὨὩὧέὨὩὶ 

And the entire model can be trained end-to-end with relatively low-variance gradients. 

 Since its first introduction, variational autoencoders have been improved by a number of 

additional features. Families of distributions amenable to low-gradient reparameterizations have 

been extended through rejection-sampling variational inference and implicit gradients [57, 58]. 

Flow-based transformation allow more complex variational families to be optimized (i.e. 

Gaussian distributions with non-diagonal covariance) [59, 60]. Variational autoencoder models 

have also been applied to Bayesian non-parametric families, added to recurrent models, and 

incorporated into deep latent variable models [61-65]. 

A potential downside of variational autoencoders is that they can exhibit patterns of over-

regularization. The expressivity of the chosen variational family may limit the modelôs ability to 

fit  complex datasets. Separately, the task of amortized inference and conditional generation are 

challenging, and parameter optimization is complicated by stochasticity in gradient estimation. 

Starting from random initializations, the encoder network may require many iterations before 

being able to capture salient features of its inputs, while the decoder may struggle to map these 

latent factors of variation toward high-dimensional outputs. This can lead to a phenomenon of 

ñposterior collapseò where estimates of the variational parameters converge toward model priors 
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(ensuring minimal cost for the encoder) and do not seek to model data inputs, undermining the 

conditional generative model [66]. This can result in local minima that are hard to escape [67]. 

Paired neural variational/autoregressive models 

 A final approach used throughout the thesis is the pairing of variational autoencoders 

with autoregressive models to form a single generative model with potentially improved 

performance [68, 69]. Whereas a variational model seeks to model the Ὠ  dimension of an input 

ὼ as ὴὼȿᾀ and autoregressive models seek to model it as ὴὼȿὼ ȟȣȟὼȟὼ , a 

variational autoencoder with an autoregressive decoder combines the two modules to define 

ὴὼȿᾀȟὼ ȟȣȟὼȟὼ , using both a global latent variable as well as available 

autoregressive context to predict output densities. The premise of such a model is that the 

variational autoencoder can learn a lossy global representation of the major structure of an input 

while the autoregressive model learns rich, detail-oriented representations of local context. These 

models have been observed to demonstrate improved global coherence when compared to purely 

autoregressive models as well as sharper features when compared to standard variational 

autoencoders. 

Thesis overview 

The work presented in this thesis combines many of the above components of generative 

modeling toward models of biological sequences relevant to synthetic biologists. In Chapter 1, 

we demonstrate that an algorithm leveraging protein family-level HMMs and MRFs is able to for 

the first time generate synthetic overlapping sequences for chosen protein family targets. In 

Chapter 2, we explore the application of variational autoencoders with autoregressive decoders 

to diverse sets of millions of protein sequences, most of which have few homologs and are 

therefore difficult to model through traditional probabilistic models dependent on large multiple 
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sequence alignments. We find some evidence that the continuous nature of the protein 

embedding, as opposed to the standard discrete view of protein families, has some advantages for 

large scale genome analysis. Finally, we seek in Chapter 3 to leverage autoregressive generation, 

variational autoencoders, and classic variational inference techniques to create a large-scale 

generative model of regulatory DNA in bacterial genomes using a large collection of diverse 

bacterial genomes and a generative model whose structure reflects some expected features of 

bacterial regulatory sequences. We evaluate the modelôs ability to capture salient features of its 

DNA inputs by using its learned features to perform challenging supervised learning tasks on 

relatively limited amounts of experimental data. 
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Abstract 

Stabilizing genetically engineered functions and confining recombinant DNA to intended 

hosts are key challenges for synthetic biology when facing natural mutation accumulation and 

pervasive lateral gene flow. Here we present a generalizable strategy to preserve and constrain 

genetic information through computational design of overlapping genes. Overlapping a sequence 

with an essential gene altered its fitness landscape and produced a constrained evolutionary path 

even for synonymous mutations. Embedding a toxin gene in a gene of interest restricted its 

horizontal dissemination to other cells by more than 3 orders of magnitude. A multiplex and 

scalable approach is further demonstrated to build and test >7,500 overlapping sequence designs, 

yielding functional variants that are highly divergent from natural homologs. This work enables 

deeper exploration of natural and engineered overlapping genes and facilitates enhanced genetic 

stability and biocontainment in emerging applications. 
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Main Text 

Protein-encoding information is stored in DNA as a series of trinucleotide codons that are decoded 

by the translation machinery. Since translation can occur in one of six possible coding frames, 

multiple proteins could in concept be produced from different frames of a single DNA sequence. 

Empirically, such overlapping genes are widely found in biology from bacteria to humans [1-4]. 

Across microbial genomes, overlapping genes are estimated to make up almost one-third of all 

coding sequences [5]. While partial overlaps are more typical [3, 5], many cases of completely 

overlapped genes have been described [1, 6], including a surprising example where three different 

proteins are translated from separate frames of the same mRNA [7].  

 

An important consequence of overlapping genes is that a single mutation in the DNA will impact 

all protein products in a highly coupled manner. Otherwise neutral mutations in one translation 

frame may no longer be permitted if they create deleterious mutations in another frame [8]. An 

extreme case is a synonymous mutation in one frame that manifests as a nonsense mutation in an 

alternative frame. These entangled constraints, combined across distinct biological functions, 

constitute a direct mechanism by which the fidelity of DNA sequences can be better maintained 

by rejecting a broader set of mutations during evolution [6, 8, 9]. In fact, biological systems that 

experience very high mutation rates (e.g. 10-3ï10-4 per nucleotide per generation) such as viruses 

[10] tend to more frequently contain overlapping genes as a putative way to maintain their 

sequence fidelity [6, 11].  

 



21 

 

Past synthetic efforts to protect DNA from mutations have focused on reducing the background 

mutation rate [12], eliminating mutation-prone sequences [13], or employing active mutation 

surveillance strategies [14]. These advances have been utilized in synthetic biology to improve 

stability of engineered DNA and to sustain engineering objectives in the face of evolutionary 

escape. Further biocontainment strategies have been developed to prevent recombinant genetic 

materials from escaping into the wild [15, 16]. 

 

Inspired by the elegance and simplicity of naturally overlapping genes that safeguard against 

frequent mutations, we devised a platform, Constraining Adaptive Mutations using Engineered 

Overlapping Sequences (CAMEOS), to computationally design and experimentally test de novo 

overlapping genes (Fig. 1A, B). CAMEOS first takes a Hidden Markov Model (HMM) trained on 

multiple sequence alignments to encode family- and position-specific conservation patterns 

(Supplementary Text). A dynamic programming algorithm then generates initial double-encoding 

templates based only on first-order residue interactions. The algorithm achieves a global optimum 

using a log-likelihood metric through recursion. An HMM parametrizing synonymous and non-

synonymous mutations and insertions is used to extend an optimal sub-sequence through iterative 

tetranucleotide additions (fig. S1). Stochastic backtraces can be performed to tunably generate 

diverse HMM solutions, which are used as seeds for optimizing second-order long-range residue 

interactions. These long-range interactions are modeled by a Markov Random Field (MRF) 

optimized by a pseudolikelihood metric [17, 18]. Starting from a population of thousands of 

optimal and suboptimal first-order encoding solutions, refinement of each sequence proceeds 

through a procedure related to iterated conditional modes [19]. Repeated greedy optimization of 

trinucleotides are sampled across the overlapping sequence to minimize a weighted or unweighted 
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sum of the pseudolikelihoods of the resulting sequences. In our designs, ~1000 iterations of MRF 

optimization is sufficient for convergence to significantly improved solutions (fig. S2). To further 

optimize gene expression of CAMEOS solutions, we generated synonymous mutations upstream 

of the overlap region that created Shine-Dalgarno sequences for improving translation of the 

embedded gene based on a predictive model of translation initiation [20].  

 

We first explored the ability of CAMEOS to yield functional proteins even in the absence of any 

overlap encoding to validate general model performance. Protein variants with a range of 

pseudolikelihood scores were assessed. We used amino acid biosynthesis and antibiotic resistance 

genes as test cases and synthesized variants without gene overlap. Biosynthetic gene variants (trpE, 

cysJ, ilvA) were tested in corresponding auxotrophic E. coli strains for the ability to rescue growth 

in minimal media. Chloramphenicol resistance gene variants were assessed for cell viability under 

antibiotic selection. We found that none of the variants derived from HMM consensus sequences 

were functional (fig. S3A), while many variants with MRF pseudolikelihood values similar to 

natural sequences showed wild-type activity levels (fig. S3B, Table S1), highlighting the necessity 

to consider long-range residue interactions in our models [18, 21].  

 

We then evaluated in silico every pairwise combination between 42 essential genes and 3 

biosynthetic genes from E. coli for feasible overlapping solutions. Since natural overlapping genes 

tend to encode protein regions that are intrinsically disordered [22, 23], we further assessed the 

local negative energy across proteins to identify regions with reduced long-range interactions and 

selected those for further sequence entanglement studies (Fig. 1C, fig. S4). Different optimization 

weights for each protein in the overlapping region were explored, including extreme cases where 
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the wild-type essential protein sequence was maintained and the biosynthetic protein was recoded. 

We tested a number of promising solutions by transforming constructs to their respective amino 

acid auxotrophic E. coli strains (fig. S5A). Out of the 20 tested, we found 8 constructs that rescued 

growth in minimal media (fig. S5B, Table S2). In one construct (DE14), we were even able to 

encode sequences similar to two essential proteins into separate regions of a cysJ gene (fig. S5C), 

suggesting CAMEOS effectively identifies optimal regions for recoding.  

 

To functionally assess the co-encoded essential gene, we sought to knockout the wild-type gene 

copy on the chromosome (fig. S5A), thus requiring the recoded gene to maintain cell viability. We 

successfully generated a chromosomal deletion of the essential acpP gene in a strain containing 

synthetically overlapping ilvA and acpP (DE2). Interestingly, the DE2 construct encodes a 

redesigned protein sequence of IlvA (threonine deaminase), which is need for isoleucine 

biosynthesis, and a wild-type protein sequence of ACP (acyl carrier protein), which is involved in 

essential fatty acid biosynthesis. We removed any effects from plasmid copy number variation by 

integrating the entangled ilvA-acpP sequence directly into the genome of a strain with deleted 

wild-type ilvA and acpP (fig. S6A, B; Methods). The resulting strain (IA-1) exhibits isoleucine 

prototrophy to similar levels as wild-type cells in comparison to control strains (Fig. 1D, S6C, D), 

indicating functional activity of both biosynthetic and essential proteins. Together, these results 

demonstrate, for the first time, the generation of functional synthetic overlapping genes completely 

de novo.  

   

We performed saturation mutagenesis on the genomic ilvA-acpP locus to test our hypothesis that 

sequence entanglement could restrict accumulation of new mutations. Degenerate oligonucleotides 
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targeting the first 30 codons of ilvA in the overlapping region were used to generate all 64 possible 

mutations at each codon position using MAGE [24] (Fig. 2A, Table S5). The resulting mutant 

population was grown and sampled at various time points for deep sequencing [25]. We calculated 

the fitness of each mutant based on changes in its relative abundance in the population versus the 

parental strain over time (Methods). Many mutations, especially in the beginning of the 

overlapping region, were found to incur a fitness defect (Fig. 2B, C). While ilvA is not essential 

for cell growth, 12.5% of ilvA mutations caused severe growth defects (>10-fold) compared to the 

parental IA-1 strain (Fig. 2C). In contrast, mutagenesis of ilvA-acpP in a control strain (IA-2) that 

has an additional wild-type copy of acpP produced mutants with practically no growth defects 

(Fig. 2B, C), suggesting that the recoded ilvA is sensitive to mutations due to entanglement with 

the essential acpP gene. In the entangled sequence, a significant reduction in the functional 

degeneracy of codons is also observed, with 32% of synonymous codons in ilvA exhibiting high 

variability in their impact on fitness as many are now deleterious (Fig. 2D). These otherwise 

neutral ilvA mutations cause growth defects either by breaking the ACP protein (due to deleterious 

single-residue substitutions) or by preventing translation of the full length ACP (due to nonsense 

mutations) in the acpP reading frame (fig. S7). While the fitness landscape is highly dependent on 

the specific encoding, fitness differences between synonymous codons were observed throughout 

the recoded region. For example, the 6 possible codons for leucine (L) have highly variable fitness 

effects across most of the overlap region analyzed (87%) (Fig. 2B, D). Together, our results show 

that when a gene of interest is coupled to an essential gene, even otherwise neutral synonymous 

mutations can cause decreased cellular fitness, thus constraining the natural accumulation of 

mutations. 
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Experimentally testing hundreds to thousands of in silico designs represents a bottleneck for 

identifying functional synthetic overlapping genes. To address this challenge, we devised a high-

throughput synthesis and selection strategy to evaluate thousands of CAMEOS designs 

simultaneously (Fig. 3A). We used cysJ and infA from E. coli as the candidate gene pair, which 

respectively encodes CysJ, a flavin sulfite reductase subunit needed for cysteine biosynthesis, and 

IF1, the protein translation initiation factor-1 essential for cell growth. 7,500 unique cysJ-infA 

overlap designs were generated and synthesized as an oligonucleotide pool of 230-mers on a DNA 

microarray (fig. S8, Table S6). These oligonucleotides (encoding 192 bases of overlap) were then 

cloned into an internal cysJ region of the pH9-cysJ-infAentry plasmid optimized for expression of 

IF1 and CysJ (fig. S9, Methods). Several hundred variants encoding wild-type CysJ or IF1 protein 

sequences were included in the pool as positive controls. The constructed library was transformed 

into a DcysJ-infA strain (CI-D), which episomally maintained an arabinose-inducible infA gene 

(fig. S9, Methods). Transformants were plated on MOPS, with or without cysteine and/or 

arabinose, enabling selection for functional CysJ and IF1 variants.  

 

To validate our selection platform, we first plated the library separately under CysJ selection (no 

cysteine) or IF1 selection (no arabinose). The resulting colonies were harvested by plate scraping 

and their identity and frequency in the population was determined by deep sequencing (Methods). 

As expected, CysJ and IF1 positive controls were enriched under their respective selective 

conditions but were otherwise selected against (fig. S10), thus demonstrating the stringency of the 

selections. Plating of the library under double selection for both CysJ and IF1 function (i.e. no 

cysteine and no arabinose) produced hundreds of colonies. We then picked a number of colonies, 

purified their respective cysJ-infA plasmids, and transformed them back into the CI-D parental 
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strain to re-verify their growth phenotypes (Fig. 3B, Methods). Six unique sequences (CI-1 to CI-

6) encoding different functional pairs of CysJ and InfA were identified (Fig. 3C). Notably, all 

clones were found to exhibit higher homology to CysJ (~65% identity) than to IF1 (~34% identity). 

These clones also had lower homology to the wild-type E. coli CysJ and IF1 proteins in the recoded 

region than most natural variants (fig. S11). More surprisingly, our functional IF1 variants 

contained many residues that were shown to be deleterious when made as single-residue 

substitutions in a prior IF1 saturation mutagenesis study [25] (Fig. 3C). Analysis of the HMM 

likelihood scores of our CysJ variants also revealed many single residues with predicted low 

fitness. These observations suggest an important role for epistasis that was exploited in our 

successfully recoded sequences. Modeling the CI-1 protein sequence using Phyre2 [26] showed 

that the predicted protein structures closely aligned with the wild-type CysJ and IF1 proteins, with 

global and per-residue RMSD values comparable to other natural orthologs (Fig. 3D). Two out of 

the six variants (CI-2 and CI-5) also contained additional point mutations beyond their original 

designs, which were likely generated during gene synthesis or assembly, highlighting that 

additional variants were explored over the course of the experiment. Taken together, these results 

demonstrate that a number of functional overlapping solutions exist for a gene pair and that these 

functional encodings can be identified through a high-throughput experimental platform.  

 

Finally, we explored the use of sequence entanglement to generate a biocontainment barrier that 

suppresses horizontal gene transfer (HGT). We engineered a gene of interest (GOI) to co-encode 

a toxin and hypothesized that this configuration would prevent the GOI from spreading to another 

organism (Fig. 4A). CAMEOS was used to entangle the E. coli ilvA gene with various bacterial 

toxins (relE, parE, yoeB, and ccdB). Nonsense mutations were first introduced in the toxin reading 
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frame (toxinstop) without disrupting the corresponding residues in the ilvA frame (i.e. using 

synonymous mutations). The function of each recoded ilvA variant could thus be tested without 

the confounding impact of the co-encoded toxin (fig. S12A). These nonsense mutations were 

subsequently reverted to the wild-type sequence (toxinwt) to test the function of each toxin in cells 

(fig. S12B).  The four ilvA-toxin pairs showed varying degrees of IlvA and toxin activity, with an 

ilvA-ccdB design exhibiting the highest combined performance (Fig. 4B).     

 

To test the hypothesis that encoding a toxin with a gene of interest could synthetically limit the 

horizontal dissemination of genetic information, we constructed plasmids pHT-T1 and pHT-T2, 

which contained the ilvA-ccdBwt or ilvA-ccdBstop overlapping gene, respectively, and an origin of 

transfer (oriT) of the promiscuous RK2/RP4 conjugation system. These plasmids were introduced 

into RK2-competent donor strains (D1 and D2) that also expressed the ccdA anti-toxin gene, which 

sequestered ccdB toxicity. The efficiency of HGT between donor and recipient cells was quantified 

by counting recipient colonies that acquired the pHT plasmid on antibiotic selection plates. 

Depending on the donor, the horizontal transfer of pHT-T1 carrying ilvA-ccdBwt to CcdA- 

recipients (R1) was suppressed by >2,700-fold in comparison to pHT-T2 that carried ilvA-ccdBstop, 

which is not lethal to CcdA- recipients (Fig. 4C). In contrast, CcdA+ recipients (R2) acquired ilvA-

ccdBwt or ilvA-ccdBstop at an equal efficiency, demonstrating that ilvA-ccdBwt reduced HGT of pHT-

T1 through CcdB-mediated toxicity. The escapee R1 recipients that acquired the pHT-T1 plasmid, 

however, remained auxotrophic for isoleucine (Fig. 4D). Consistent with this phenotype, we 

identified mutations in several of these escapees in their ilvA-ccdB region, including deletions and 

transposon insertions that presumably suppressed or inactivated both ilvA and ccdB function. 

These results indicate that even if acquired by recipients (at a much suppressed frequency), the 
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double-encoded gene often contains broken ilvA and ccdB sequences due to the synthetic 

entanglement, thereby further limiting horizontal propagation of any functional form of the gene 

of interest.  

 

To our knowledge, this work describes for the first time the successful design of two full length 

proteins into the same DNA sequence under the constraints of overlap encoding. Our in silico 

approach enables broad exploration of protein sequence space, yielding functional candidates with 

relatively low sequence homology to natural sequences that would be otherwise difficult to 

generate through serial evolution. We find that incorporating long-range residue interactions is key 

for designing functional overlapping genes beyond solely relying on local substitutions [27]. 

Furthermore, CAMEOS can help to improve understanding of the evolutionary trajectory and 

consequence of direct genetic coupling between two or more genes in their sequence-function 

space [8, 22]. To extend the region of mutational protection, multiple essential genes can be tiled 

across a target gene. Algorithmic improvements in MRF optimization [28] or explicit integration 

of protein structure information [29], along with higher throughput gene synthesis methods [30], 

will facilitate the generation of longer overlapping genes with even higher performance. Better 

predictions and tuning of translation levels may improve design of overlapped regions, since non-

functional variants may be the result of suboptimal translation and not necessarily incorrect protein 

designs. Ultimately, these advances can yield next-generation synthetic elements and circuits that 

will only operate in predefined settings, with greater robustness to mutations and over longer 

timescales.   
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Figure 1. CAMEOS platform for generating synthetic overlapping genes. (A) Schematic of 

mutational restriction or horizontal transfer confinement due to engineered sequence entanglement 

of two genes. (B) Illustration of algorithmic steps for generating optimized designs. CAMEOS 

constructs a high-dimensional tensor (colored cubes) parameterizing the cost of paths through 

sequence space. These paths are then sampled probabilistically through a stochastic backtrace to 

form a population of nucleotide sequences optimizing for higher HMM scores. These sequences 

are then optimized greedily and iteratively according to MRF parameterizations. (C) Overview of 

parameters optimized by CAMEOS, with an example ilvA and acpP co-encoding and a plot of the 



33 

 

IlvA local negative energy shown on the right panel. (D) Growth of a genomically encoded ilvA-

acpP variant (IA-1) compared to control strains and wild-type (WT) cells after 14 hours in M9 

minimal and LB rich media. The control strain ȹilvA contains a complete genomic knockout of 

ilvA. The ilvA-Cȹ strain is a ȹilvA derivative with a plasmid expressing a partial deletion variant 

of ilvA that removes the region targeted for recoding (residues 347-514 at the C-terminus). Mean 

values from 3 independent biological replicates are shown with error bars representing the standard 

error of the mean (SEM).  
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Figure 2. Sequence entanglement of acpP and ilvA yields a more restricted fitness landscape. 

(A) Saturation mutagenesis by MAGE-seq on the ilvA-acpP overlapped region using oligo pools 

and fitness quantification by deep sequencing. (B) Fitness of all single-codon mutants generated 

from saturation mutagenesis in strains IA-1 and IA-2 with ilvA-acpP. X-axis represents codon 

positions in the ilvA coding frame. Y-axis represents 64 mutagenesis codons grouped by the 

encoded amino acids. White circles indicate wild-type ilvA codons. Color map shows fitness 

impact of mutations. Severely deleterious mutations are shown in dark blue. (C) Left panel, 

average fitness of all single codon mutants at each codon positions in IA-1 (red) and IA-2 (grey) 

strains. Error bars are SEM of the 64 codon mutants. Right panel, distribution of fitness of all 

mutants in IA-1 and IA-2. (D) Left panel, calculated variance in fitness between synonymous 
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mutants at each ilvA codon position is plotted. 32% of the codon substitutions in IA-1 have 

variances in fitness beyond the 95% confidence interval of IA-2 variances. Right panel, fraction 

of the overlap region with highly variable fitness between synonymous codons for each amino acid 

plotted against its codon degeneracy.  
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Figure 3. High-throughput experimental evaluation of CAMEOS designs. (A) Diagram of 

selection platform to identify functional cysJ-infA variants. (B) Growth of cysJ-infA variants and 

controls under different plate selections are shown. CI-1, CI-2 and CI-3 are 3 different isolates 

encoding functional cysJ-infA variants. Control strains: Neg, cells containing pH9-cysJneg-infAneg 

with nonsense mutations in both cysJ and infA reading frames; CysJ+, cells expressing wild-type 

CysJ (from pH9-cysJwt); IF1+, cells expressing wild-type IF1 (from pH9-cysJ-infAwt). Cultures of 

each strain were spotted on the selective plate over serial dilutions. (C) Multiple sequence 

alignment of IF1 and CysJ encoded by six functional cysJ-infA variants (CI-1 to CI-6). Colored 

shading represents different degrees of sequence identity: 100% (orange) and more than 60% 

(yellow). Average fitness of IF1 mutants based on saturation mutagenesis data and single-residue 
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substitution scores of CysJ based on the HMM model are shown in corresponding panels. WT, 

E.coli wild-type sequence; HMM, consensus sequence from HMM models; Mean AA, average 

fitness of 20 amino acids. (D) Structural modeling of the CI-1 proteins shows concordance between 

predicted (orange) and crystal (yellow/purple) structures. The wild-type CysJ structure was 

generated by concatenating separately crystalized domains (yellow, purple). Global (top right) and 

per-residue (bottom right) RMSD comparing IF1 from CI-1 with an ortholog model (B. fragilis) 

and other crystal structures (S. pneumoniae*, M. tuberculosis*) shows structural similarity to the 

E. coli IF1.    
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Figure 4. Overlapping a gene of interest with a toxin limits its HGT. (A) Overview of whether 

overlapping ilvA with a toxin or an inactivated variant (toxinstop) can restrict horizontal transfer to 

recipient cells. (B) The killing index, which integrates the degree of toxin-mediated killing and 

ilvA function (see Methods), is shown for four ilvA-toxin gene pairs. Neg: parental strain without 

the ilvA-toxin construct. Data plotted are mean +/- SEM from 3 independent experiments. (C) 

Efficiency of HGT of the pHT plasmids (T1/T2) between different donor (D1/D2) and recipient 

(R1/R2) strains. Data plotted are mean +/- SEM from 3-4 independent experiments. (D) Growth 

of R1 transconjugant isolates that acquired ilvA-ccdB (T1) after HGT, compared to the D1 donor 

strain (ilvA+) and the R1 recipient strain (DilvA) before HGT in M9 minimal media. Data are 

growth measurements after 16 hours from 3-5 independent colonies (and 28 R1 transconjugant 

isolates), plotted with mean +/- SEM. Tukeyôs multiple comparison test was used to assess 
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statistical significance. Mutations identified in two R1 transconjugant isolates are illustrated on the 

right subpanel.    
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Supplementary Materials 

Materials and Methods 

Strains and culturing conditions 

All E. coli strains used in the study are listed in Table S3 and are derived from the 

BW25113 parental background. Cells are grown in either LB rich media or M9 (prepared from 

BD Difco M9 Minimal Salts 5x; 1x M9 medium was supplemented with 2 mM MgSO4, 0.1 mM 

CaCl2 and 0.4% glucose) at 37 ̄C unless stated otherwise. For antibiotic selection, induction, or 

growth experiments, the concentrations used are: Carbenicillin (Carb) 50 mg/ml, Chloramphenicol 

(Cam) 20 mg/ml, Kanamycin (Kan) 50 mg/ml, Spectinomycin (Spec) 50 mg/ml, Bleocin (5 mg/ml), 

Anhydrotetracycline (aTc) 100 ng/ml.  

 

Plasmids used and generated 

Double encoded sequences were synthesized either by IDT as gBlocks or by Gen9 as 

GeneBytes and cloned under pTetO control in the pH9 plasmid. Plasmid pH9 was constructed by 

joining spectinomycin resistance cassette, p15A ori, tetR and pTetO promoter region from pdCas9-

bacteria (Addgene #44249) through isothermal assembly. To construct pH9-cysJwt plasmid, the 

wild-type cysJ sequence was amplified from the E. coli K-12 genome and cloned into pH9 plasmid 

behind the pTetO promoter. pH9-cysJ-infAwt was generated by swapping the designated cysJ 

region (residues 196-253) with overlapping wild-type infA sequence. pH9-cysJneg-infAneg was 

constructed by introducing multiple stop codons in both infA and cysJ reading frames from pH9-

cysJ-infAwt. The cysJ-infA overlapping sequence was also replaced by short sequences flanked by 

BsaI cutting sites and optimized RBS200 sequence to create a cysJ entry vector (pH9-cysJ-

infAentry) for subsequent cysJ-infA library construction. pBAD-infA was constructed by 
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assembling wild-type infA under pBAD and AraC control, Sc101 ori, and Bleocin resistance 

cassette. RK2-mobilizable plasmids pHT-T1 and pHT-T2, encoding ilvA-ccdBwt and ilvA-ccdBstop 

were generated by modifying the pH9-ilvA -ccdBwt and pH9-ilvA -ccdBstop plasmids by replacing 

tetR with an origin of transfer (oriT) sequence from the RP4/RK2 conjugative plasmid to enable 

mobilization by RK2-mediated conjugation, which also leads to constitutive expression of the ilvA-

ccdB double-encoded gene. The pH-ccdA plasmid that expresses the anti-toxin ccdA was 

constructed to include a Cam resistance gene, tetR, and a constitutively expressing ccdA (under 

the BBa J23119 promoter), and a ColE1 ori. Most plasmids are generated (if not otherwise noted) 

by isothermal assembly. All plasmids are listed in Table S4.  

 

Functional assessment of double-encoded genes 

Constructs expressing different biosynthetic genes were transformed to corresponding 

auxotrophic strains (ȹilvA, ȹcysJ, and ȹtrpE), as shown in fig. S5A. Experiments to obtain growth 

curves were conducted as follows: Bacteria were grown in LB with antibiotic selection overnight 

at 37 ̄ C, diluted 1:100 with fresh medium, grown for 1 hour, and then induced with aTc for 2 

hours for expression of the double-encoded biosynthetic gene. After induction, cells were collected 

by centrifugation and washed with PBS twice before diluted 1:40 in M9 minimal medium 

containing Spec (50 mg/ml) and aTc (100 ng/ml). Cell growth at 37 C̄ was measured continuously 

using a platereader (BioTek Synergy H1) at optical density of 600nm for 15-20 hours in 20-minute 

intervals.  
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Genomic knockout of essential genes 

Genomic deletion of essential genes (shown in fig. S5A) was carried out using established 

protocols [1]. In brief, cells with plasmids containing recoded essential genes were made 

electrocompetent and transformed with pKD46 for recombineering. Subsequently, they were 

grown and l-Red proteins were induced prior to transformation with a double-stranded linear 

cassette targeting the wild-type essential gene for knockout. Knockout cassettes were generated 

using a Cam resistance cassette as the template and primers with 50-bp overhang sequences 

homologous to the targeted genomic locus. Primers used were derived from [1], which were 

designed for complete deletion of the coding sequence. After electroporation of the knockout 

cassette, cells were recovered in SOC (NEB) with aTc (to induce the recoded essential gene) for 1 

hour before plating on LB with Cam, Spec, and aTc at 30 C̄. Colony PCR and Sanger sequencing 

was performed on resulting colony isolates to confirm the deletion.   

 

Construction of IA-1 and IA-2 strains 

The clonetegration system [2] was used to insert the ilvA-acpP (DE2) sequence into the E. 

coli genome (shown in fig. S6A). DE2 and the tetR regulon region was cloned between multiple 

cloning sites in pOSIP-CT and transformed into ȹilvA. Chromosomal integration of the construct 

was induced by heat shock and successful integrants are selected on LB-Cam plates. Correct 

genomic insertion was confirmed by colony PCR and Sanger sequencing. Extra DNA sequence 

from the integrative plasmid backbone was excised from the chromosome through flipase 

induction as described [2]. Cells with DE2 insertions were further transformed with pKD46 to 

knockout the wild-type acpP as described above. We were unable to obtain acpP knockouts after 

a few attempts in contrast to successful deletion of acpP in a strain containing a plasmid copy of 
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DE2. We hypothesized that insufficient expression of DE2 from a single genomic copy (thus 

leading to an ACP limitation in the cell) may be the cause of this failure to delete the endogenous 

acpP gene, especially since ACP is the most abundant protein in E. coli. Therefore, we attempted 

to modify the internal RBS upstream of the embedded acpP to increase the translation strength 

using MAGE [3]. By sequentially performing MAGE and acpP knockout, we successfully 

obtained clones with knockout of the wild-type acpP gene (fig. S6B-C), suggesting that indeed 

translation tuning may be important during some scenarios of double-encoding optimizations.  The 

pKD46 plasmid was subsequently cured to yield the strain, IA-1. The expected growth phenotype 

of IA-1 was verified in minimal medium (Fig. 1D, fig. S6D). IA-2 was generated by re-introducing 

the wild-type acpP gene into IA-1 by recombineering. We screened IA-2 isolates for Cam 

sensitivity and confirmed genomic restoration of wild-type acpP by colony PCR and Sanger 

sequencing.  

  

MAGE mutagenesis on IA -1 and IA-2 strains 

We performed saturation mutagenesis on the IA-1 and IA-2 strains using a version of 

MAGE [3] with higher efficiency. Tiling 90-bp single-stranded mutagenesis oligos (Table S5) 

were designed to target a 30-residue window of the ilvA-acpP genomic locus by flanking 

homology around consecutive degenerate trinucleotides (NNN) in the middle of each oligo. Oligos 

were designed to target the first 30 codons of the recoded ilvA reading frame of ilvA-acpP. In all, 

30 pools of degenerate oligos were synthesized (Integrated DNA Technologies). In each oligo set,  

the last 5 nucleotides at the 3ô and 5ô ends were phosphorothioated for improving MAGE 

efficiency [4]. Three successive rounds of MAGE were performed on each strain to elevate the 

rate of resulting mutagenesis. In each round, cells were electroporated with a pool of the 30 oligos 
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(15 mM total) after l-Red induction. Cells after the last recovery step were washed with PBS twice 

and subjected to growth in MOPS medium (TEKNOVA) with antibiotics and aTc at 30 C̄. At 

subsequent time points, 1 ml of cell culture was collected, and the remaining culture was diluted 

1:100 with fresh medium to re-grow. 

 

Fitness measurement of ilvA-acpP mutants   

Cell culture was collected at 0 hours, 18 hours, 42 hours, and 64 hours after MAGE 

mutagenesis. Genomic DNA was extracted by prepGEM kit (Zygem) and the ilvA-acpP 

overlapping region was amplified by PCR. A second PCR was performed to add adaptor sequences 

and barcodes compatible with Illumina sequencing kit (Illumina, Nextseq MO300). Reads were 

filtered for quality and variants were identified. Variants (>Q30) containing mutations in more 

than one region of the ilvA-acpP sequence were excluded. Fitness of each variant was calculated 

by taking the relative abundance ratio between time points and normalizing against the relative 

abundance of the wildtype sequence. The median value of the calculated ratios across time points 

were used. Fitness data for IA-1 and IA-2 are provided in Table S7-S8.  

 

Design and construction of the cysJ-infA library  

7,500 cysJ-infA recoded variants were synthesized on a DNA microarray (Agilent 

Technology). In the general case, sequences were generated using HMM optimization followed 

by greedy optimization of MRF pseudolikelihoods. The relative importance of the infA and cysJ 

pseudolikelihoods for the optimization objective was controlled by a CysJ weight factor between 

0.0-1.0 that was randomly generated from a uniform distribution for each non-control sequence. 

4,063 of the 7,500 sequences were optimized for 1000 steps, and 1,924 sequences were chosen 
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from earlier points (600 steps, 400 steps, 200 steps, and 50 steps) to evaluate the role of 

pseudolikelihood optimization. Similarly, 496 sequences were initialized with wild-type IF1 

amino acid sequences and synthesized over the course of in silico optimization. Several other 

control sequences were also synthesized: 519 sequences that were optimized only through HMM 

optimization; 250 sequences with wild-type IF1 amino acid sequence; 250 sequences with wild-

type CysJ amino acid sequence. A small software bug led to 5 IF1 and 5 CysJ positive controls 

being different than wild-type. These sequences were excluded from subsequent ñpositive controlò 

analyses. In addition, 11 sequences initialized with the wild-type IF1 amino acid sequence 

remained wild-type after a small number of optimization steps. These were included in 

downstream analyses of ñwild-typeò IF1 sequences. 

A previous saturation mutagenesis study of IF1 (25) revealed that truncation of the final 

two amino acids of the IF1 protein did not impact cell fitness. In our designs, these two residues 

were removed to reduce the number of nucleotides required for synthesis. Similarly, the stop codon 

for the infA gene was placed downstream of the insertion point on the pH9-cysJ-infAentry plasmid. 

The first 8 bases of the overlap region (ATGGCGAA), as well as the last 10 bases 

(CGTATTTAGA), were held constant during optimization, such that these flanking sequences 

could be used for PCR amplification during library construction. Before making these sequence-

level changes, we verified experimentally that the amino acid substitutions had no effect on the 

activity of E. coli CysJ protein. The 230bp oligomers were amplified by high fidelity polymerase 

(Q5 DNA polymerase, NEB) with minimum cycles to avoid over-amplification. PCR products 

were purified, digested with BsaI, and ligated with BsaI-treated pH9-cysJ-infAentry vector. Ligation 

solution was transformed to commercial competent cells (MegaX DH10B, Invitrogen) following 

the manufacturerôs protocol. Cells after recovery were plated at the appropriate density on LB-
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Spec plates to estimate cloning efficiency and library complexity. A library with at least 40x 

average coverage of each member was generated. The remaining cells were expanded in 50 ml of 

LB with selection overnight. The cysJ-infA library was extracted from the overnight culture with 

Midi -prep DNA extraction kit (Zymo Research) for subsequent testing.   

 

Selection of functional cysJ-infA variants 

Verification of functional infA designs requires an inducible expression platform of the 

essential IF1 protein. We transformed pBAD-infA and pKD46 to a DcysJ strain. Wild-type infA 

was deleted by recombineering under episomal IF1 induction to yield the CI-D strain. CI-D was 

confirmed to be not viable unless IF1 was induced (fig. S9A). CI-D was then transformed with the 

7,500 member cysJ-infA library. Transformants were grown overnight in LB with arabinose 

induction and antibiotic selection. Overnight culture was diluted 1:100 with MOPS media 

(TEKNOVA) with no arabinose induction and grown for 1 hour at 37 C̄. Expression of CysJ and 

IF1 variants were induced with aTc for another 3 hours before plating on selective conditions. 

Cells were plated at the density of 6x104 cells per 100 mm plate. Selective plates are made with 

MOPS defined medium with 1% glycerol as carbon source, and Spec and Bleocin for plasmid 

maintenance. Adjustment was made for different selective conditions as follows. CysJ selection: 

MOPS without cysteine, aTc, arabinose; IF1 selection: MOPS, aTc; CysJ/IF1 dual-selection: 

MOPS without cysteine, aTc. After 3 days of incubation at 30 C̄, grown colonies were harvested 

either as a pool by scraping the whole plate or picked individually. The library was extracted by 

Mini -prep kit (Qiagen). For the pooled library, we amplified the designed overlapping region and 

quantified the abundance of each variant by deep sequencing (Illumina, Nextseq MO300). For 

clones identified from CysJ/IF1 selection, isolates were individually transformed back to the 



47 

 

parental CI-D strain and revalidated for growth phenotype under CysJ/IF1 selection. Out of 36 

clones identified from the initial screen, seven (CI-1 to CI-6, CI-1 was identified twice) showed 

consistent growth under dual-selection. 

 

Structural modeling of the identified CysJ and IF1 variants 

CysJ and IF1 sequences were modeled using the Phyre2 online tool. The tool was run in 

ñintensiveò modeling mode. Proteins were analyzed and visualized using VMD. Model overlay 

parameters were obtained through ñmeasure fitò commands over aligned residues. 

  

Validation of ilvA-toxin constructs and quantification of degree of horizontal gene transfer  

We calculated the ñkilling indexò of every ilvA-toxin construct by quantifying the activity 

of ilvA and toxins separately. The ilvA activity was determined based on how well ilvA-toxinstop 

constructs can rescue the growth phenotype of a DilvA strain in minimal media. The toxin activity 

was determined by measuring their growth inhibition in wild-type cells when overexpressed on a 

plasmid. Killing index was calculated from OD600 cell density data after 16-hour of growth in LB 

and M9 media of cells containing ilvA-toxinstop or ilvA-toxinwt and wild-type cells using the 

following equation:  
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For quantification of horizontal gene transfer, donor strains were all conjugated with RK2 

plasmid to mediate subsequent DNA transfer. Donor and recipient strains were grown overnight 

in rich medium with antibiotics selection. Strains were collected, washed and re-suspended in 
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1/10th of the original volume of PBS, and mixed at 1:1 ratio. The cell mixture was spotted on LB 

plates at 37 ̄C for 2 hours, and subsequently collected and plated at multiple densities under 

different antibiotic selection. For mixture of strains derived from ȹilvA, recipients were labeled 

with Bleocin resistance gene to distinguish from the donors. We used Bleo or Bleo+Spec dual 

selection to quantify conjugation events. For mixture of ȹilvA and wildtype derived strains, all 

recipient strains have Kan resistance gene, but only those receiving the mobilized plasmid can 

grow under Kan and Spec selection. Hence, the ratio of colony numbers grown on dual versus 

single selection plates can be calculated to infer the efficiency of horizontal gene transfer. 
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Supplementary Text 

 

Overview of the CAMEOS computational algorithm 

To design overlapping sequences, the Constraining Adaptive Mutations using Engineered 

Overlapping Sequences (CAMEOS) algorithm proceeds in three steps. First, a first-order 

optimization process is executed based on Hidden Markov Models (HMM). Then, a probabilistic 

backtrace through this optimization is performed to generate a suitable stochastic population of 

relatively high-quality initialization points. Finally Markov Random Field models (MRF) and a 

greedy optimization process are used to refine protein pseudolikelihoods to yield the final 

overlapping encoding solution. Each of these steps is described in order below. 

 

Step 1: First-order optimization 

Formally, the optimization considers the design of two nucleotide sequences D1 and D2, 

encoded on a single DNA sequence, N. We assume that the length of D1 is less than the length of 

D2 and that we seek to completely encode D1 within a region of D2. We note that incomplete 

overlap combines the constrained optimization procedure defined below with an unconstrained 

optimization through non-overlapping sequence space. The optimization objective is that the 

protein translations of D1 and D2 have maximally scoring alignments to target protein sequences 

T1 and T2, where the score of the alignment can be defined through various statistical models 

including a simple BLOSUM substitution model or an HMM. The first stage of the CAMEOS 

algorithm utilizes dynamic programming to find a global optimal encoding solution based on first-

order protein residue information. This approach requires that the overlapping sequence be 

designed through a combination of optimal solutions to tractable sub-problems. 
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The algorithm is most easily illustrated in the context of maximizing an alignment score 

defined by a BLOSUM62 scoring matrix with no insertions or deletions, a defined region of 

overlap to target, and a +1-overlap encoding, meaning that the first nucleotide of D2's codons 

immediately follows the first nucleotide of D1's codons. Later, we will demonstrate how the 

algorithm can be generalized to work in all frames using a HMM statistical parameterization, and 

how it can determine the optimal region in D2 in which to place D1.  

For simplicity, let us consider building the overlapping sequences from the beginning (a 

start codon) of D1 toward the end (a stop codon). In fig. S1, we consider the initial forward 

optimization process moving from left to right along black arrows. We note that the colors in the 

figure indicate nucleotides, with red indicating ñAò, orange indicating ñCò, cyan indicating ñGò, 

and grey indicating ñTò. We define N[1] to represent the first nucleotide in our overlapping 

sequence encoding (ñGò in fig. S1). We note that since this is a single nucleotide, we can simply 

run our algorithm on all four possibilities {A, C, G, T} to make an optimal choice. Given the +1 

encoding, the N[1] position combines with two nucleotides N[2] and N[3] to form the D1 codon. 

The D2 codon is composed of the nucleotides N[2], N[3], N[4]. We note that if it were possible to 

know the N[4] nucleotide that would represent an optimal choice for the rest of the sequence (N[t+4 

é end]), this nucleotide could be fixed and all 16 possibilities for N[2]ÅN[3] (AÅA, AÅC, AÅG, 

AÅT, CÅA, CÅC, ...) could be considered such that the BLOSUM62 score of the translated codon 

in D1 composed of N[1], N[2], N[3] and the translated codon in D2 composed of N[2], N[3], N[4] 

is maximized. Such a sequence would represent an optimal overlapping sequence of length 4, and 

by our assumed construction, could be added to the rest of an optimal sequence which we know to 

begin with N[4]. The result would thus be a completely optimal sequence. 
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In fact, when considering N[1], N[2], N[3], it is not possible to know what the optimal value 

of N[4] may be. At this juncture, we therefore consider a score value that can be maximized as:  

Score =  

max{scoreD1(N[1]ÅN[2]ÅN[3]) + scoreD2(N[2]ÅN[3]Å"A") + score(Case A: rest of sequence begins 

with A), 

        scoreD1(N[1]ÅN[2]ÅN[3]) + scoreD2(N[2]ÅN[3]Å"C") + score(Case C: rest of sequence begins 

with C), 

        scoreD1(N[1]ÅN[2]ÅN[3]) + scoreD2(N[2]ÅN[3]Å"G") + score(Case G: rest of sequence begins 

with G), 

        scoreD1(N[1]ÅN[2]ÅN[3]) + scoreD2(N[2]ÅN[3]Å"T") + score(Case T: rest of sequence begins 

with T)}, 

where we assume that each score() is a maximum over the set of all possibilities for its inputs. 

In fig. S1, the scoreD1/D2() function is shown as a black box around a set of letters such as 

ñG??Aò signifying an optimization over tetranucleotide sequences beginning with ñGò and ending 

in ñAò, with two nucleotides in between. The F() function in the figure represents the mechanism 

of computing the likelihood of each amino acid possibility (i.e. BLOSUM substitution score). The 

top scoring option can be determined through access to lookup tables of codon translations and 

comparison of calculated values of F() across all tetranucleotides. A smaller black square is drawn 

around the top-scoring dinucleotide option. We note that naïve maximization of the score term for 

the ñrest of the sequenceò would require exponential exploration through all possible terminal 

nucleotides at every step of the optimization process. 

Given this formulation, the identity of the N[4] nucleotide represents a "branch point" for 

further optimization of the sequence. Since each codon is 3 nucleotides long, the N[4] position 
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represents the "start" nucleotide (analogous to N[1]) for the next set of codons to be optimized. To 

avoid exponential computation, we note an important observation that enables a recurrence 

structure: beyond appropriate maximization of N[2] and N[3], the identities of N[1] and N[4] are 

independent. Furthermore, the appropriate maximization only need to be calculated once since the 

result will always be the same given N[1] and N[4] at any given position. This result can therefore 

be cached and added to the score of other extended sub-sequences. As such, we need only to keep 

track of the sequence and score of the possibilities for 

max{score(N[1:t] = "éA"), score(N[1:t]="éC"), score(N[1:t]="éG"), score(N[t:end]="éT")}, 

where at each step, we choose the optimal extension to these sub-sequences and continue to keep 

track of only a limited number of branching maximal solutions (in this case, 16, for every 

nucleotide to nucleotide transition) in the contents of the sub-sequence defined by "é". As such, 

at every round of optimization, we must only keep track of a tractable set of possible sequences to 

iteratively improve upon, and the top scoring option available at the end of the overlap (the stop 

codon) will parameterize a globally optimal overlapping sequence. 

Generation of the globally optimal sequence can be achieved through a deterministic 

backtrace. Starting from the optimal decision at the stop codon, the sequence that complements 

this optimal decision can be traced backward, chaining together locally optimal decisions with the 

appropriate condition (terminal nucleotides match) to the start codon of the protein. This backtrace 

is shown in figure S1 as a series of dashed circles and arrows, indicating the nucleotides selected 

and the path taken through these nucleotides by the backtrace. We later consider a probabilistic 

backtrace that occasionally makes a suboptimal decision in favor of diverse solutions in a section 

below. 

Further extensions 
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Other frames: First, we note that a dynamic programming approach is not necessary given a ï3 

encoding, as each codon across both D1 and D2 can be independently optimized. Next, we note 

that in the +2 encoding, the first nucleotide of D2's codons immediately precedes the first 

nucleotide of the D1 codon. This is equivalent to a +1 encoding where D1 and D2 are switched, and 

this is how a +2 encoding is optimized in our model. We note that this is also the case when 

comparing ï1 and ï2 encodings. In all cases except the ï3 case, codons can be considered such 

that only a single nucleotide overlaps with an adjacent codon, and the recurrence relationship 

defined above can be applied. In practice, we empirically find solutions encoding in the -1/-2/-3 

frames to be lower scoring overall and generally only optimize the positive frames. 

 

Finding optimal regions of overlap: The encoding position of the overlapping region is illustrated 

in the example above. It is generally difficult to identify optimal start and end positions for overlap 

manually, though in some cases we do identify specific regions expected to be easy to target based 

on external data (see "Local energy" section). We therefore extend our dynamic programming 

algorithm to consider the position x and y in designed proteins D1 and D2. Because of this additional 

consideration, we must maintain a "terminal" state of a sub-sequence we wish to extend in terms 

of its first nucleotide as well as the position (x, y) within the sequence. This is done by storing 

information in the context of a three-dimensional tensor in which the terminal letters define one 

axis and the positioning x/y define the two separate axes. The recurrence remains quite similar, 

except that transitions between sub-sequences with distance greater than 1 are not admissible. 
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HMMs and insertions/deletions: The use of HMMs enables analysis beyond simple comparisons 

of individual substitutions toward considerations of sequence states at each position of a protein: 

amino acids can be in a ñmatching stateò at a given position and the likelihood of different amino 

acid substitutions are evaluated based on conservation information. HMMs also allow insertion 

states, where different amino acids are emitted with specific probabilities but the "position" in the 

template alignment does not increase. Finally, there are deletion states where no amino acid is 

emitted but the position is incremented. Transitions between states are parameterized in terms of 

their likelihood, with a transition from a match state to another match state generally most probable 

and insertion-to-deletion/deletion-to-insertion transitions not considered. Incorporating HMMs 

into the above recurrence requires changing our lookup procedure to consider the state and 

position-specific probabilities of observing different amino acid identities. It also requires adding 

a further variable to the tensor: a state tuple, defining the terminal state of the sub-sequence being 

extended in both D1 and D2. Therefore, the tensor that defines stored information about sub-

sequences includes information about the terminal nucleotide, position, and state of the solutions. 

Furthermore, transitions from state to state are also included in the "cost" of sequence score 

maximization. In practice, we find that deletions are difficult to incorporate in a double-encoding 

context, as many HMM protein families assess that it is more likely to delete every amino acid 

than to place them in an overlapping context. Since such solutions contain no information, we do 

not consider them, and generally remove transitions to deletion states. On the other hand, insertions 

are easy to incorporate and carry less of a risk of encoding solutions with no information. 

Therefore, insertion transitions are included, as they improve the flexibility of possible alignments. 

Step 2: Probabilistic backtrace 
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The algorithm above defines a single optimal overlapping sequence solution. In practice, 

we find that it is necessary to incorporate long-range interactions into our model to improve 

performance. Therefore, the first-order optimization is considered a first step for further 

optimization. The above approach is thus extended to generate an initial population of high-quality 

but suboptimal sequence initialization states, so that a diverse set of high-scoring sequences can 

speed up second-order optimizations and help avoid local minima in subsequent steps. The initial 

population of first-order optimized sequence variants also includes the optimal sequence from the 

deterministic backtrace. 

We define a probabilistic backtrace through the tensor containing information about 

sequence, sequence states, and scores as one that probabilistically makes suboptimal decisions to 

generate greater diversity in final sequence states. In practice, this involves starting at the initial 

starting point and considering the scores of all feasible transitions from each state 

parameterization. We can either choose the next state (and corresponding sub-sequence to add to 

the solution) probabilistically at each step, or deterministically most of the time with an occasional 

stochastic switch to a probabilistic mode. This mostly deterministic strategy can still generate a 

diversity of solutions as suboptimal decisions at given points (such as adding an unnecessary 

insertion) can lead to very different downstream optima. In general, the probabilistic backtrace is 

therefore done by making deterministic decisions with probability = 0.9, meaning that roughly 

10% of the time, a stochastic decision with probability defined by the softmax of the score at 

possible transition states is taken. For the first codon only, we reduce the "temperature" of the 

softmax to 0.01 so that poor initial starting states are avoided. We find that adjusting the 

temperature for other decisions in the backtrace is not useful. 
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While other stochastic backtrace algorithms could be considered and this comparatively 

simple algorithm is able to generate a diverse set of solutions. We believe that the diversity is 

obtained due to the large possible set of transitions at each position (transitions across nucleotides, 

states, and positions) and inherent flexibility in possible solutions (it appears that a wide diversity 

of overlapping sequence solutions can have approximately equal log-likelihoods according to 

Hidden Markov Model parameterizations). 

 

Step 3: MRF greedy optimization 

To extend the algorithm to computationally evaluate >103 overlapping designs as is done 

in the large-scale cysJ-infA experiment, we run the optimization process on several batches of 

solutions. In each batch, we take an initial population of 1,500 solutions and optimize for a 

maximum of 1,000 steps, occasionally stopping optimization early if scores converge and no 

changes are made to any sequence in the population for 10 steps. 

The optimization procedure is very closely related to iterated conditional modes (ICM), a 

general strategy for optimizing MRFs. The algorithm is greedy: at each optimization step, for each 

individual in the population, we select three contiguous nucleotides from a random position along 

the length of the overlapping sequence (disregarding codon positioning), and consider all possible 

trinucleotides (not resulting in a stop codon) that could replace the current one. At each step, the 

maximal scoring trinucleotide is used to continue the optimization process. The difference between 

this strategy and standard ICM is that the position in the sequence to be optimized is chosen 

stochastically. This is done because the amino acid identities and therefore ñnode valuesò of the 

MRF are linked between sequences, meaning that individual node values cannot be modified in 

isolation. In theory, optimization can be performed deterministically by considering every 
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trinucleotide at every position of the sequence, but this would repeat calculations (e.g. as there is 

a defined set of amino acids that can result from a codon beginning in ñAò). We therefore simply 

choose positions at random and empirically observe convergence for the optimization procedure.  

During optimization, two objectives are considered: a possibly weighted sum of 

pseudolikelihood values, and a possibly weighted sum of log-likelihoods defined by the value of 

the current energy (sum of node and edge weight terms of the MRF model) and a Gaussian 

distribution fit to match the energy values of proteins found in the multiple sequence alignment 

used to fit the MRF. In practice, we use both possible targets across rounds of optimization so that 

a diversity of sequences is generated. 

We note that though HMMs can incorporate insertions and deletions, MRFs are only able 

to consider insertions/deletions already present in the multiple sequence alignment they were 

trained on. In cases where an HMM has generated an insertion, we consider the HMM solution to 

have a better model of this likelihood than its corresponding MRF. A fixed cost per insertion is 

also added to the metric being optimized, while the sequence at this inserted position is not allowed 

to change over the course of greedy optimization rounds. The alignment between the HMM 

position and MRF alignment position is maintained internally throughout optimization. Matrix 

operations are utilized to quickly update pseudolikelihood/energy values across all individuals. 

 

Code availability 

CAMEOS is implemented in Julia and Python. The code needed to run the HMM and MRF 

optimization process is available at www.github.com/wanglabcumc/CAMEOS. 

 

Data sources 

http://www.github.com/wanglabcumc/CAMEOS
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Publicly available HMMs and multiple sequence alignments (MSA) are used whenever 

possible. We generally use TIGRfam and Pfam models for HMMs and MSAs used to train MRFs 

from Gremlin2 https://gremlin2.bakerlab.org/preds.php?db=ECOLI. MRFs were trained on these 

MSAs using Gremlin code kindly shared by the Baker Lab (University of Washington).  

 

"Local energy" calculations 

Our early in silico experiments suggested that different regions of proteins were 

differentially amenable to incorporating embedded sequences. An important factor to consider is 

the "local energy" of a protein across a given region. This metric simply sums node weights 

(corresponding to metrics of conservation for amino acids at a given position) and edge weights 

(constituting the long-range interactions at each position) originating from this region. If a region 

captures the entire length of a protein, then this "local energy" corresponds exactly to the "energy" 

of the MRF itself. 

We note that due to an intractable partition function, energy calculations between proteins 

are not meaningful. However, a visualization of the energy of a single target protein across 

windows of length equal to that of the query protein being embedded can qualitatively reveal 

regions in the target protein that are expected to be amenable for incorporation of the query protein. 

 

 

  

https://gremlin2.bakerlab.org/preds.php?db=ECOLI
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Figure S1. Depiction of the recurrence in CAMEOS. Nucleotides are colored: adenine (A, red), 

cytosine (C, orange), guanine (G, cyan), thymine (T, black). F() defines a function evaluating the 

likelihood of a set of nucleotides, displayed numerically. Bicolored boxes indicate maximization 

over all possible nucleotides beginning and ending with nucleotides specified by the colors of the 

box. Larger single colored boxes represent all options starting with a specified nucleotide. Solid 

arrows indicate acceptable forward transitions for the construction of the sequence, which goes 

from left to right. A backtrace is depicted through dashed ovals and arrows beginning on the right 

(the end of the sequence), yielding the optimal sequence shown on the left. 
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Figure S2. Iterative optimization improves MRF scores. Optimization of the summed MRF 

pseudolikelihoods of overlapping genes is demonstrated through iterative greedy search for 

improved long-range interactions during CAMEOS. The sequences are initialized with their 

optimized HMM values and therefore exhibit high MRF pseudolikelihood values. These values 

rapidly improve and converge (e.g. after 1000 iterations in this cysJ-infA run) by the end of the 

optimization. 
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Figure S3. Incorporating MRF models improves the design of functional variants. Growth 

curves of clones with different designed variants optimized using HMM or MRF models are 

shown. (A) ilvA, trpE, and cysJ HMM-based designs were tested in auxotrophic E. coli strains for 

isoleucine (DilvA), tryptophan (DtrpE), and cysteine (DcysE), respectively, in minimal media. The 

cat (chloramphenicol acetyltransferase) HMM-based designs were tested in wild-type E. coli in 

LB with standard chloramphenicol selection. (B) MRF-based designs for ilvA, trpE, cysJ and cat 

with different MRF pseudolikelihood scores are tested in corresponding strains as in (a) and shown 

in the four subpanels. Overall, MRF designs show significantly more functional variants with 

improved activity compared to HMM designs. Data shown are the means of 3-6 independent 

biological replicate experiments.  
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Figure S4. Local energy distribution across designed proteins. The local energies for the CysJ 

and TrpE proteins are shown on the left and right panels, respectively. The local energy is defined 

as the sum of the node and edge weights in a Markov Random Field over a 100 residue window 

for a multiple sequence alignment of the family. The mean is plotted as a black line, with grey 

regions indicating two times standard deviation from the mean. Regions with low values (here 

most prominently on the N- and C-termini of proteins) likely exhibit low residue-level 

conservation and/or reduced long-range interactions, suggesting that the region is a promising 

target for sequence modification and gene overlap designs. The infA gene encoding IF1 in our 

cysJ-infA construct is placed starting at residue 246 of CysJ, shown as a red dashed line in the left 

panel. 
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Figure S5. Functional validation of multi -encoding constructs. (A) Experimental strategy for 

validating double-encoding constructs for biosynthetic genes or essential genes. (B) Results for 

testing the function of co-encoded amino acid biosynthetic genes (ilvA and cysJ) are shown as 

growth curves in corresponding auxotrophic strains (DilvA and DcysE) in minimal media. Data are 

the mean of 3-5 independent biological replicate experiments. (C) Sequence layout of clone DE14 

showing a recoded cysJ with two different essential genes (rpmC and rpmD) embedded in separate 

regions of the cysJ. The natural (wild-type) and recoded sequences are indicated in the sequence 

alignments.  
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Figure S6. Validation of the IA-1 clone containing a functional and chromosomally 

integrated ilvA-acpP variant. (A)  Construction steps used to generate the IA-1 strain to 

genomically integrate the ilvA-acpP cassette and remove the endogenous acpP gene. (B) Design 

of PCR primers for verifying genomic acpP deletion. (C) The table summarizes the expected PCR 

amplicon size. A gel showing diagnostic PCRs from a wild-type (WT) strain and two isolates (ko1 

and ko2) of the acpP::cmR knockout strain (IA-1). (D) Growth of IA-1 compared to control strains 

and wild-type (WT) cells in M9 minimal media and LB rich media are shown in left and right 
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panels, respectively. The ȹilvA contains a genomic knockout of ilvA. The pH9-ilvA -Cȹ plasmid 

expresses a C-terminus truncation variant (residues 345-514) of IlvA. The 347-514 region is where 

the overlapping encoding occurs in the ilvA-acpP design. The ilvA-acpP variant significantly 

rescues growth of a ȹilvA strain in M9 in contrast to the control strains, thus demonstrating the 

functional activity of the recoded sequence. Growth curves are mean of 3 to 5 independent 

experiments.  
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Figure S7. Heatmap of fitness of single-codon mutants from saturation mutagenesis of the 

ilvA-acpP construct in IA-1 and IA-2 strains. X-axis represents codon positions in the acpP 

reading frame. Y-axis represents 64 possible codons grouped by their amino acids. Circles indicate 

the wild-type acpP codons. Since the ilvA coding frame was targeted for saturation mutagenesis 

with NNN-oligos in the ilvA-acpP construct, not all acpP codons could be generated (shown in 
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grey box). All fitness are calculated with respect to the wild-type sequence. Fitness measurements 

below the detection limit of deep sequencing are colored in dark blue. 
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Figure S8. Variants in the cysJ-infA  library share similar ranges of pseudolikelihood scores 

with natural IF1 and CysJ sequences.  A Gaussian kernel density estimation is used to display 

the density of pseudolikelihood values of CAMEOS-designed IF1 or CysJ in the cysJ-infA library 

(orange) compared to naturally-occurring sequences in the multiple sequence alignment used to 

train the Markov Random Field (cyan). The natural sequence distributions are symmetric and 

appear roughly normally distributed. The mean (red dotted line) and two times the standard 

deviation from the mean (black dashed lines) are shown for each natural protein variant 

distribution. Our synthesized variants span a range of pseudolikelihood values (by design) with 

significant overlap with the naturally-occurring sequences. A small fraction of high 

pseudolikelihood valued synthetic variants are not shown in the plot to improve visualization. 

 

 

 

 

 

 



69 

 

 

 

Figure S9. A high-throughput selection strategy to test functional IF1 and optimize internal 

RBS sequences. (A) A wild-type IF1 (encoded by infA) is placed in inducible plasmids pH9 or 

pBAD. Growth of a DinfA strain can be significantly improved by induction with either arabinose 

(ara) or anhydrotetracycline (aTc) to express the wild-type infA. (B) Verifying internal RBS 

sequences for effective expression of co-encoded infA. Embedded wild-type infA was constructed 

with different upstream RBS (still within cysJ gene) in the pH9-cysJ-infAWT plasmid. RBS variants 

are named by their relative in silico predicted strength of translation initiation. The RBS200 

sequence showed the best translation of embedded infA and was used subsequently in the pH9-

cysJ-infA variant library. Each variant is tested for the ability to rescue growth of an DinfA strain. 

Growth curves are the mean of 3 independent biological replicates.  
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Figure S10. Selection of functional CysJ and IF1 variants. Allele frequencies of positive control 

clones, CysJ+ and IF1+, were measured before (0h) and after 48-hour selection (48h). At 0h, the 

relative abundance of CysJ+ and IF1+ are the same. After selection, each population was enriched 

in their corresponding condition but selected against in the other condition. IF1 selection relies on 

growth on MOPS plate with cysteine and without arabinose supplement (no IF1 induction) while 

CysJ selection relies on growth on MOPS plate without cysteine and with arabinose (to induce 

IF1).    
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Figure S11. Sequence identities of natural and synthetic CysJ and IF1 proteins. Histograms 

of sequence identities from naturally occurring CysJ (left, cyan) and IF1 (right, orange) proteins 

are shown. These protein sequences were taken from the multiple sequence alignment used to train 

the MRFs, which parameterized the sequence design of the cysJ-infA array library. Sequence 

identity in the case of CysJ is shown only for the region that was recoded. Red dashed lines in both 

histograms indicate regions of sequence identity exhibited by variants that were found to be 

functional (CI-1 to CI-6) 
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Figure S12. ilvA-toxin constructs display varying activity level of ilvA and toxins individually. 

(A) Growth curves in M9 minimal media of different ilvA-toxinstop constructs in a DilvA strain are 

displayed. Different ilvA recodings show varying degrees of IlvA function. (B) Growth curves in 

rich media of different ilvA-toxin constructs in a wildtype strain are displayed. Different encoded 

toxins show varying degrees of growth inhibition. Data shown are the means of 3 independent 

biological replicate experiments.  
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Chapter 2 

The Variational Homolog Encoder and its Application to Protein Sequences 

Tomasz Blazejewski, Harris H. Wang 

The work in this chapter is adapted from a workshop contribution presented at the Joint ICML 

and IJCAI 2018 Workshop on Computational Biology. We add recent related results in a new 

Supplementary Materials section. 

Abstract 

Construction of deep representations of protein sequences remains a key aim for 

computational biology researchers. In this paper we extend recent developments in variational 

autoencoders (VAEs) and autoregressive models in order to build a generative latent variable 

model of protein sequences. Unlike recent work which has used VAEs and Markov Random 

Fields on individual protein families with thousands of homologs, we seek to construct a latent 

variable model of millions of proteins with few homologs. Traditional mechanisms for learning 

such models struggle to learn useful latent representations of the protein sequences. We therefore 

utilize a recently proposed method better suited to challenging datasets and demonstrate 

improved performance. 

Introduction  

Protein sequences represent a key unit of biological function and have been a subject of 

fundamental interest throughout the history of computational biology. A key challenge to the 

study of protein sequences is their almost unlimited diversity reflecting a broad range of 

biochemical functions. This sequence diversity has grown only more apparent in the emerging 
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era of metagenomic sequencing: the number of sequenced genes in the JGIôs IMG database [1] 

currently approaches 50 billion, and a recent clustering of proteins in this dataset found that most 

clusters have only at most 3-4 proteins with at least 50% sequence identity, with the majority of 

these sequences residing in singleton clusters [2]. Key advances in computational modeling of 

protein sequences have generally benefited from analysis of families of closely related proteins, 

with clusters generally defined by pairwise sequence similarity. Early advances using this 

approach include the application of Hidden Markov Models [3], which leverage first-order 

conservation information present in multiple sequence alignments in order to sensitively align 

and annotate protein families. More recently, it has become clear that long-range interactions 

captured by Markov Random Fields [4] and VAEs [5, 6] can predict the effects of mutations 

across protein families and may ultimately be applied to the synthesis of novel protein variants. 

A key feature driving progress in this realm is the ability to construct large multiple sequence 

alignments due to advances in next-generation sequencing. Typical model training procedures in 

previous work require thousands or tens of thousands of homologous sequences to be aligned 

[7]. While this leads to high-quality generative models, it renders the models difficult to apply in 

contexts where genes of interest are diverse and have few homologs. In this paper we design and 

train a model of protein sequences whose latent representation can be inferred based on single 

protein sequences. We hope that such a model may find applications in biological contexts 

seeking to understand associations among diverse proteins, as is the case in microbial genome 

analysis and metagenomic sequencing experiments. 
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Methods 

Motivation s and Approach 

We are interested in developing deep representations of protein sequence applicable to 

large-scale analyses of proteins exhibiting high sequence diversity, as is typical in analyses of 

microbial genomes and metagenomes. We believe representations that can be inferred from 

single proteins and that capture the full length of the sequence would be most useful. Generative 

latent variable models represent a natural avenue by which to create such representations, and 

previous work on image and text modalities have demonstrated an intriguing capability to infer 

defining features of inputted data, including content information in text and hair color in images 

[8, 9]. 

Important recent advances in deep generative modeling include Generative Adversarial 

Networks (GANs) [10], autoregressive networks [11], and VAEs [12, 13]. While GANs have 

demonstrated impressive performance in continuous domains such as images, they remain much 

more difficult to train on discrete sequences [14]. The exact probabilistic interpretation of GAN 

models also remains unclear, challenging their evaluation in domains that are less interpretable 

by humans, as problems in sample diversity and data memorization may be difficult to ascertain 

in non-visual contexts. On the other hand, autoregressive models have demonstrated excellent 

performance on discrete sequences [11], but lack a global representation of the input that may be 

useful for purposes other than sequence generation. VAEs seem most applicable to the described 

domain of interest, as they are applicable to discrete inputs and are typically designed to learn a 

factorized continuous representation of their inputs. As VAEs sometimes struggle to capture 

ñsharpò representations of their inputs, variational autoencoders can be augmented with 

conditional autoregressive generative models [15, 16]. 
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Variational Autoencoders 

Variational autoencoders aim to learn a latent variable model ὴὢȟὤ of data ὢ, where 

ὢ ὼȟὼȟȣὼ  and Z are probabilistic latent variables. As direct computation of the exact 

posterior of such a model is typically intractable, the model considers a simple variational 

distribution ήᾀȿὼ of the latent variables and seeks to find parameters of the variational 

distribution that are close to (but may not include) the true posterior of the model. Formally, the 

model considers an encoder with parameters ű and a decoder with parameters ɗ which jointly 

seek to optimize the Evidence Lower-BOund (ELBO), ὒ‰ȟ— of the data likelihood ὴὼ: 

ÌÏÇὴὼ ὒ‰ȟ—  Ὀ ή ᾀȿὼ ὴ ᾀ Ὁ ᾀὼ ÌÏÇὴ ὼȿᾀ  

where Ὀ  represents the Kullback-Leibler divergence. In the most typical case, this is achieved 

by a neural network with inference/encoding layers optimized to output the variational 

parameters of latent variables ᾀ given a datapoint ὼ and generative/decoding layers that seek to 

reconstruct ὼ given a sample from these latent variables. In the case of continuous latent 

variables (we use Gaussian latent variables with independent standard Normal priors, as is 

typical), low-variance gradients can be obtained through the stochastic sampling step using the  

ñreparameterization trickò, and the entire model can be trained end-to-end using backpropagation 

[12]. A basic visualization of the VAE approach is given in Fig. 1. 
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Figure 1: Depiction of a variational autoencoder. Data (square with x) is processed by an 

ñencoderò neural network to infer latent variational parameters, Ⱨ and Ɑ. Based on these 

parameters and using the ñreparameterization trickò, the latent variable z is sampled and used to 

reconstruct the input. The cost p(x|z) reflects modelôs ability to reconstruct its input based on this 

sampled latent variable. The sum of both cost terms is the ELBO term classically optimized by 

other means of stochastic variational inference. 

Autoregressive Models 

We experimented with purely autoregressive models in order to evaluate the feasibility of 

modeling protein sequences as well as to augment the VAE model with a more powerful 

decoder. This design choice is motivated by the observation that VAEs trained on image datasets 

struggle to model sharp boundaries and precise positioning [15, 16]. In the context of a discrete 

alphabet and loss terms that cannot account for insertions and deletions, this issue seems 

sufficiently problematic that we were not able to train high-performance VAEs with only 

convolutional and deconvolutional layers. We experimented with architectures based on 

prominent generative models for one-dimensional generative modeling, including Wavenet [11] 

and SampleRNN [17]. We note that the fundamental concept of an autoregressive model is to 

model ὖὼ as the product of conditional probabilities over dimensions Ὠ ρȣὈ :  

ὖὼȟὼȟȢȢȢȟὼ  ὖὼ ὖὼȿὼ ȢȢȢὖὼȿὼ ȟȢȢȢȟὼ  
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In our case, we may further condition this autoregressive model on a latent variable ᾀ, 

encoded by the variational autoencoder. Such a model may be understood as aiming to provide a 

global ñtrajectoryò for the autoregressive model to follow. An important issue identified in 

previous work [16] and in our own experiments is that powerful autoregressive models may 

choose to ignore stochastic latent variables, instead using their modeling capacity to focus 

entirely on previous inputs. Such behavior is generally diagnosed [8] by observing low KL-

divergences in trained models: this suggests a posterior distribution that has collapsed to its prior 

distribution and is unable to represent its input in a way that would be useful for the decoder.  

Neural Statistician and Variational Homoencoders 

We find that traditional approaches to training variational autoencoders on protein 

datasets universally result in low usage of the latent variable layer. Recent analysis of variational 

autoencoders suggest they may struggle to model datasets with sparse characteristics such as 

sentences containing rare words [18]. We considered whether models better suited to modeling 

sparse and multi-modal datasets may result in more informative posteriors in our modeling case. 

We consider models derived from concepts described in [19, 20], and call our derived 

model a ñVariational Homolog Encoderò to note its similarity to the ñVariational Homoencoderò 

model proposed for image datasets. In such models, we consider a ñclusterò latent variable, c, for 

each cluster C, of data points. This latent variable is inferred by a variational autoencoder whose 

input is one or more examples of data, ὼᶰὅ, belonging to the same cluster as target outputs 

ὼȟὼȟȢȢȢȟὼ ᶰὅ. The task of a variational homoencoder is to distinguish input features that 

members of a cluster are likely to share. Since the derived latent variables are shared across 

multiple datapoints, their KL penalty is amortized as they can improve the likelihood of several 

observations at once. This allows the variational homoencoder to maintain higher-cost latent 
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layers and potentially more useful representations. We believe variational homoencoders are 

well-suited to the intended purpose of modeling diverse sets of protein sequences. Proteins can 

be naturally considered in terms of clusters, and indeed most analyses of large protein datasets 

require clustering, even if only to ñdereplicateò the sequences. Further, analyses of proteins in 

the context of large-scale genomic analyses often explicitly consider proteins as belonging to 

different ñclustersò. The modeling advantage gained with the proposed approach is that 

relationships between clusters now exist on a continuous manifold, and the model can be trained 

such that positions along this manifold are inferred from a single protein sequence as opposed to 

a multiple sequence alignment. A basic visualization of the VAE approach is given in Fig. 2. 

 

Figure 2: Depiction of the variational homolog encoder. A single representative sequence 

from each cluster (left) is input to an encoder model to infer latent variational parameters, Ⱨ and Ɑ. 

A sample from the latent variable ◑ Ⱨ Ɑ  ꜗobtained by the reparameterization trick is then used 

to reconstruct multiple related sequences with a decoder that also has access to local autoregressive 

context (right). The ñcostò of the KL-term associated with the latent variable z is now amortized as 

it is used to reproduce several related observations.  
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Data Collection 

Over the course of developing these models, we experimented with several protein 

datasets from genomic and metagenomic sources. In this article we focus on the most 

comprehensive dataset collected. Inspired by the work in [7] and Linclust [2] we compiled a set 

of 722 metagenomic datasets available from the JGIôs online IMG/M database [1]. For each 

dataset, we ran the gene prediction software prodigal [21] on assembled scaffolds. We sought to 

avoid low-quality protein predictions by accepting only those proteins with conf values greater 

than or equal to 99.0 and discarding scaffolds shorter than 600 bp. Through use of the ñ-cò flag 

we also sought to exclude gene fragments, though fragmentary proteins appear to remain in the 

dataset (we hope to alleviate this issue in the future).We collected 1.04 billion protein sequences 

across these datasets. For this set of experiments we filtered proteins by length so that they were 

between 192-243 amino acids in length. These protein sequences were then clustered to 90% 

identity using the tool linclust. Representatives of clusters at 90% identity were then clustered 

again to 75% identity. In order to maximize clustering sensitivity, we used--kmer-per-seq 60. 

In order to select sequences most likely to represent true proteins from this metagenomic 

data, we required that each cluster used in downstream processes have at least four members. We 

randomly split the dataset into 1.28 million training clusters and split the remaining 0.4 million 

clusters for validation/test sets. Proteins and homologs are inputted as whole sequences, meaning 

that the model must learn to accommodate any insertions/deletions that might exist between 

homologs when making its reconstructions. 

Additional M odel Details 

All models are trained with the Adam optimizer [22] with starting learning rate of 0.001. 

We stabilize learning by clipping gradients by value between -0.5 and 0.5 and decreasing the 
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learning rate exponentially by a factor of 0.9 every 5000 iterations. In general, we embed amino 

acids into 64 dimensions and further embed positional information as 4 learnable channels per 

position (243 positions in all) that are linearly projected by a 1x1 convolution to match the 

number of embedding channels. Models are implemented in Tensorflow and designed to run on 

single GTX 1080 Ti GPUs. They are composed of 16-20 million parameters, and batch 

normalization [23] is used in the encoder. A repository for the project can be found at 

https://github.com/wanglabcumc/VariationalHomologEncoder. 

Results 

Purely autoregressive models 

Though not a main focus of the paper, as purely autoregressive models lack the key 

motivating factor of a global representation of the sequence of interest, autoregressive models 

provide a baseline by which to consider the performance of subsequent models that combine 

latent representations and autoregressive decoders. We consider both a SampleRNN model and a 

Wavenet model and find the Wavenet model performs slightly better. For this model we use 12 

sets of dilation layers with filter length 2, with 400 residual, dilation, and skip channels and 

layers with dilation size [1, 2, 4, 8, 16, 32, 1, 2, 4, 8, 16, 32].This provides the model with 64 

amino acids of context. We train with gated linear activations [24], teacher forcing and cross-

entropy loss, with a batch size of 32. Proteins are composed of an alphabet of 20 amino acids 

plus a stop codon: a uniform guess strategy would result in a loss of 3.04 nats/aa and a non-

recurrent baseline achieves a loss of approximately 2.80 nats/aa based on the background 

composition of amino acids. 
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We find that such a model achieves a loss of 2.45 nats/aa on the training set and 2.48 

nats/aa on the test set after 120,000 iterations (12 hours training time) with relatively little 

improvement after the first 60,000 iterations. 

Variational autoencoder 

We attempted to train a variational autoencoder on the dataset. We use 400 dimensions in 

the latent layer, and again experiment with both SampleRNN and Conditional Wavenet decoders, 

obtaining similar results. In the case of conditional wavenet decoders, we use SubPixel 

deconvolution layers [25] to spatially align the z encoding [26]. As is fairly standard with VAEs, 

we train the model with KL-annealing [8], using the first 50,000 iterations to linearly increase 

the strength of the KL penalty from 0.01 to 1.0. We note that we have experimented with many 

ranges of KL-annealing rates and have not found a better-performing schedule. We find that at 

the end of training (15 hours), the KL divergence per training sequence has decreased to less 

than 4 nats and find that most of the latent units appear to have collapsed to their prior. Such a 

representation is unlikely to be useful for future applications, and does not seem to meaningfully 

impact the óreconstruction lossô which rises to 2.68 (reflecting a slightly less powerful decoder 

which initially depended on VAE features which were then removed). 

Neural Statistician / Variational Homoencoder 

We adopt the same basic architecture as the one used in the Variational Autoencoder, 

except that we only consider a SampleRNN decoder, as we felt the fixed deconvolution of the 

Conditional Wavenet model would likely be suboptimal when representing sequences that may 

have insertions and deletions. We train the model on a similar KL-annealing schedule as the 

VAE. Our model is trained with batches of clusters. The encoder receives a single representative 

of each cluster and is trained to reconstruct three homologs from the cluster. The representative 
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is selected randomly from members of the cluster each time and is never the ñtargetò of the 

decoder. This implies that we require clusters of size at least 4. We also include additional 

homologs for clusters of size greater than 4, as this should help regularize the model. Our 

SampleRNN architecture uses multiplicative integration [27] and LSTM units of size 400 [28]. 

The model operates on frames of size [81, 27, 9, 3] and contains a Wavenet-like bottom layer 

with 4 aa of conditioning information supplementing its ñtop-downò information. 

We find that the KL divergence at the end of training (19 hours) is approximately 150 

nats. Meanwhile ñreconstructionò loss is approximately 2.31 nats/dim. This gives the model a 

lower bound of 2.52 nats/dim (2.51 for the test set). This is close to lower-bound achieved by a 

purely autoregressive model but has the advantage of a latent layer capturing a global 

representation that includes hundreds of ñactiveò units. 

Learned Representations of the Variational Homoencoder 

We explored the representations obtained from the variational homolog encoder by 

analyzing its outputs on a genomic and protein-specific level. On a genomic level, we used the 

model to encode a latent representation of all applicable protein sequences in the E. coli genome 

and used t-SNE [29] to visualize the results in 2-D (Fig. 3). Preliminary exploration of the 

projected data points demonstrate that in many cases proteins proximal to each other in the latent 

space are also related according to traditional metrics of sequence similarity. These relationships 

are not trivial, as adjacent sequences were found to have as little as ~20% identity to one another 

while performing related biochemical functions. 
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Figure 3: t-SNE visualization of latent space. We display a t-SNE visualization of the latent 

space with several magnified clusters: related sequences are placed in similar locations in latent 

space. The clustering is not trivial: the arginine transporter is between 22-24% identical and 36-

41% similar to adjacent homoserine, threonine and leucine efflux proteins.  

Discussion 

We consider this work a preliminary step toward representation learning of protein 

sequences. Importantly, we hope to explore the representation capabilities of the learned model 

and explore its utility for tasks including function or structure prediction. We note that one 

limitation of the currently described model is that protein lengths are fixed to a given maximum: 

this is unlikely to represent a major impediment to future use as the convolutional and recurrent 

building blocks of the model can be easily applied to longer proteins. It is also important to 

model clusters with decreased sequence identity, as proteins that are 75% identical are 
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biologically quite closely related, and it would be potentially more interesting to model the 

evolutionary ódistortionsô of insertions, deletions and mutations that occur over longer 

evolutionary time frames and that would be present in proteins clustered at 60% or lower 

sequence identity. We consider that the Variational Homolog Encoder may offer ñtraining 

wheelsò for the difficult task of building truly single-shot probabilistic models of individual 

proteins, which we believe to be a task of general interest. Future practitioners can test their 

modelsô ability to handle the sparsity of protein datasets by gradually tuning the minimum 

percent identity of cluster members, and may ultimately decrease the number of ñtargetò 

homologs from three to two and ultimately just one (recovering the standard VAE training 

regimen). Such slow progression is a large improvement over the experience of training VAEs 

that require tens of thousands of annealing steps only to observe collapsed posteriors. We finally 

note that variational autoencoders effectively perform non-linear factor analysis and that more 

complex and structured probabilistic models may represent fruitful future avenues for sequence 

representation. This is an area of study that remains broadly under-explored in the case of ñdeepò 

generative learning. Here again we believe that the proposed homoencoder strategy may provide 

a starting point for exploration of models of protein sequence including hierarchical or 

compositional components. 
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Supplementary Material 

The variational homolog encoder captures protein similarity in a Euclidean space 

While exploring the learned representations of protein sequences we observed that the 

Euclidean distance between related proteins in the latent Gaussian space tended to correlate well 

with traditional metrics of sequence similarity such as sequence identity, BLAST bit scores or 

Needleman-Wunsch alignment scores. We hypothesize that this property is related to the 

sampling noise from stochastic variables inducing a smooth continuous representation as well as 

correspondence between squared distance terms in both Euclidean distance calculation and 

Gaussian probability density terms. 

We sought to extend our original model to a wider diversity of sequences and strengthen 

observed correlation through changes to the architecture and optimization of the variational 

homolog encoder while maintaining its key features. These changes include training 

autoregressive decoders with both forward and reverse contexts to avoid representations biased 

toward N-terminal or C-terminal representations, assigning unit variances to latent posteriors to 

ensure feature scales remain constant across dimensions, and use of convolutional architectures 

to operate on long protein sequences. 

To evaluate the variational homolog encoderôs ability to capture sequence similarity 

within a Euclidean space we compare alignment scores between homologs identified by a large 

all-by-all pairwise search across diverse proteins and the Euclidean distance between 

representations of these proteins obtained from the variational homolog encoder. We also 

compare this correlation with comparable embeddings obtained using recently proposed protein 

embedding models that utilize self-supervision to embed protein sequences [1, 2]. We find that 

the correlation between Euclidean distance in the latent space and sequence similarity (scaled by 
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protein query length) is relatively strong (Pearson R2 = 0.61). We further find that the VHE 

infers representations significantly more quickly than competing models (~800 proteins/s 

compared to ~50 proteins/s for Transformer model and ~120 proteins/s for UniRep model) while 

outperforming their ability to capture protein similarities within a Euclidean space. 

 

Figure S1: Correlation of Euclidean distance in protein representations for variational 

homolog encoder (left) and alternative models for protein embedding. Pearson correlation 

coefficients are shown in top-right, and red dashed line corresponds to line of best fit. 

Homolog search as near-neighbor search 

We explored the potential to use Euclidean protein embeddings to approximate the results 

of sequence searches in large sequence databases. This type of analysis is extremely common in 

computational biology pipelines where the speed of its computation can frequently represent a 

bottleneck. We consider the performance on this task of a traditional program for these 

comparisons, BLAST, as well as approximate variants of the tool: mmseqs and ublast. 

To find nearest neighbours in Euclidean space we use the recently introduced open-source 

package, faiss. The faiss package offers several potential approximations of nearest-neighbour 

search: we choose to only use methods exactly computing Euclidean distances without 

approximation. This implies that favorable computational results could be further enhanced by 

allowing some approximations in the data structure index. 
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We consider a search of 10,000 query proteins against a database of ~8 million protein 

sequences drawn from non-redundant whole genome assemblies of bacteria, comparing the cost 

of traditional sequence search methods vs nearest neighbor searches in vector space (we use the 

same variational homolog encoder as was used in Fig S1, with 100 latent dimensions). We set 

the maximum number of target sequences to 500. Using the same hardware for all evaluations, 

we find that nearest-neighbour search is approximately 500x times faster than BLAST, 70x times 

faster than ublast and 5x faster than mmseqs. Despite the increase in speed, the nearest-neighbor 

search is able to find 88% of homologous pairs identified by BLAST with at least 80% query 

cover and 60% identity, achieving comparable sensitivity to mmseqs. This motivates further 

investigations into the potential of Euclidean protein embeddings as a mechanism to do 

approximate large-scale sequence homology searches in future applications, especially given the 

potential for GPU acceleration and use of existing approximate nearest-neighbor algorithms.  

Protein family enrichment through hash-based estimators 

 We finally consider the potential to complement the Euclidean distance representation 

with locality-sensitive hash (LSH) algorithms given their attractive scaling features and 

suitability to L2 distances [3]. In particular we sought to investigate an alternative to the 

approach undertaken in several recent approaches to large-scale genome searches where protein 

clusters are used as an intermediary representation by which to assess enrichment in protein 

family abundance in various contexts. In a recent example, a ñCRISPRicityò metric is used to 

investigate protein families likely to occur near CRISPR-Cas loci [4]. A similar approach was 

used to annotate defense islands [5, 6], and prophage components of bacterial genomes are 

traditionally discovered using related approaches [7, 8].  
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We considered whether it might be possible to circumvent the need to build explicit 

protein clusters by using kernel density estimation in the continuous latent space to capture 

enrichment of protein families in different conditions. These density estimates were constructed 

using a hash-based approach recently introduced in the context of high-dimensional kernel-

density estimation [9] and diversity sampling in metagenomic DNA [10]. Unfortunately, we 

found that approximate density estimates were inextricably confounded by differences in the 

density of the modelôs standard Normal prior (Fig. S2), which may itself reflect differences in 

protein family abundance in the modelôs training data.  

 

Figure S2: Correlation of RACE kernel density estimates with log-pdf of z according to the 

standard Normal prior (left) and with the number of homologs in the dataset (right). Density 

estimates in RACE seem to mostly reflect the density of the VAE prior at any given position. 

Despite challenges with the current implementation, we believe there is future potential 

for development of applications marrying Euclidean distance algorithms, fast hash-based 

approximate data structures, and low-dimensional protein representations. 
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Chapter 3: Deep Phylogenetic Footprinting with a DNA Variational 

Homolog Encoder 

The content of this chapter describes work in progress 

Abstract 

The activity of genes and proteins encoded in bacterial genomes is regulated by a 

complex web of regulatory signals, feedback loops, and molecular interactions. Non-coding 

DNA segments between genes, or intergenic sequences, represent a key data modality by which 

to improve models of the activity of bacterial genomes. Unfortunately, analysis of these regions 

is complicated by the wide diversity of bacterial organisms, with each bacterial species 

responding to nucleotide sequences according to its own distinct regulatory logic shaped by eons 

of evolution. Toward the aim of better understanding regulatory regions across diverse bacteria, 

we introduce a hierarchical variational model utilizing deep generative models designed to 

distinguish clade-specific and gene-specific features of regulatory regions in an unsupervised 

manner. With an eye toward future applications, we explore the use of this model in supervised 

regression tasks, with the expectation that unsupervised representations may allow simple 

supervised models to be trained on limited experimental data. 

Introduction  

To a first approximation, bacterial genomes are composed of genes able to perform 

diverse biochemical functions and non-coding sequences that regulate the activity of these genes. 

In the era of next-generation sequencing, our understanding of the vast universe of gene 

sequences, especially protein-encoding sequences, has been enriched by the large diversity of 

sequences collected from a variety of environments and bacterial species [1]. Shared sequence 
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features between proteins studied in laboratories as well as sequences found in genomic and 

metagenomic datasets have allowed researchers to improve de novo protein structure prediction 

[2] and mine for novel phenotypes of known gene families [3]. On the other hand, less progress 

has been made in the development of our understanding of regulatory sequences using this data, 

especially in non-model bacterial organisms. Whereas protein sequences maintain sequence 

features across hundreds of millions of years of evolution, allowing homology to indicate 

function independent of host species, the activity of individual regulatory sequences is primarily 

shaped by the regulatory logic of its host, rendering comparisons between genomes significantly 

more challenging.  

An important insight developed initially in analyses of primate sequences [4] before 

being applied extensively to microbial genomes is that statistical analysis of regulatory regions 

can be made more powerful by collecting several related genomes in a process known as 

ñphylogenetic footprintingò [5]. A key concept in this process is that weakly conserved patterns 

in regulatory sequences can be clarified through observation of consistent conservation in related 

organisms [6]. Though these models have been successfully applied to individual, well-studied 

clades of bacteria [7], they are difficult to scale to the tens of thousands of bacterial genomes 

currently available. Genomic diversity also poses a challenge to the typically inexpressive 

machinery of these models, which are generally composed of position-weight matrices with 

fixed gap lengths. Recently, important advances in generative modeling of audio, images and 

text have been achieved through a combination of variational and autoregressive models 

parameterized by deep neural networks [8-11]. When trained on ñbig dataò, these models are in 

some cases able to distill observations into interpretable latent factors, and can plausibly sample 

novel variants of handwritten digits, audio signals, or images. Applications to biological 
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sequences have been slower to emerge, but recent work has extended their use to models of 

protein sequences [12, 13].  

To study bacterial regulatory sequences, we develop a model where distinct levels of 

latent variables are defined according to a known phylogeny of bacterial species, and sequences 

predicted to have shared evolutionary history are grouped together, in a manner inspired by the 

approach taken in phylogenetic footprinting. The modelôs multimodal prior is designed to 

capture distinct features for specific families of bacteria as well as specific families of regulatory 

signals. As these representations capture distinct generative factors of the observed data, they 

may be useful for applications of supervised learning on existing datasets whose size may be 

relatively small due to the difficulty of experimental analysis of most non-model bacteria. As the 

model permits sampling novel regulatory sequences directly, we further propose that in the 

future, novel regulatory sequences might be sampled and synthesized, potentially leading to a 

regime of iterative refinement of generative factors informed by experimental data. 

 

Methods 

Model Overview 

We propose to use variational inference (VI) and deep neural networks to build a 

probabilistic model of bacterial regulatory sequences. The modelôs latent variables are inferred 

based on observed genomic sequences, and the model is constructed such that some features of a 

given sequence are expected to be derived from phylogenetic sources of variation, while others 

are expected to reflect intrinsic qualities of various regulatory sequences.  

Probabilistically, this is achieved through the use of a variational auto-encoder modeling 

two sets of latent variables: one set of latent variables is trained to match a standard Gaussian 



97 

 

prior (for sequence-specific factors), while the other subset is trained to match a Gaussian 

mixture model (GMM) prior designed to capture taxon-specific family features and abundances. 

To capture phylogenetic features, both the mixture proportions and means of the GMM are 

modeled according to the structure of the known phylogenetic tree of bacteria. We explain each 

model component in turn in the sections to follow. 

Encoder/Decoder: Variational Autoencoder 

The standard variational autoencoder (VAE) framework aims to learn a latent variable 

model ὴὢȟὤ ὴὢȿὤὴὤ of data ὢ, where ὢ ὼȟὼȟȢȢȢὼ  with ὔ the number of data 

points, and Z are probabilistic latent variables following prior distribution ὴὤ. Direct 

computation of the exact posterior of the model ὴὤȿὢ is typically intractable, and the model 

must instead consider a simpler variational distribution ήᾀȿὼ of the latent variables and 

optimize a lower-bound of the data-likelihood. 

Formally, the model considers an encoder with parameters ‰ and a decoder with 

parameters — which jointly optimize an Evidence Lower-BOund (ELBO) ὒ‰ȟ— of the data 

likelihood: 

ÌÏÇὴὼ ὒ‰ȟ—  Ὀ ή ᾀȿὼ ὴ ᾀ Ὁ ᾀȿὼÌÏÇὴ ὼȿᾀ  

where Ὀ  represents the Kullback-Leibler divergence. In the traditional variational-autoencoder 

set-up, the parameters — and ‰ parameterize neural networks, and the entire model can be trained 

end-to-end using stochastic gradient-descent with low-variance gradient estimates provided by 

the ñreparameterization trickò (in the case of continuous latent variables). 

Variational Homo-Encoders 

Variational autoencoders achieve admirable results in certain contexts but can exhibit 

poor results when trained on datasets exhibiting sparsity or multimodality [12, 14]. Recent work 
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has demonstrated a different approach [12] to training latent variable models with high capacity 

inference and generative models, resulting in realistic samples and informative latent 

representations. The concept is to amortize the cost of latent variables (defined by the KL term in 

the ELBO) by sharing identical draws of the latent variable ᾀ across multiple data points. In 

order to accomplish this within the Variational Homo-encoding framework, the dataset of N data 

points ὢ ὼȟὼȟȢȢȢȟὼ  must first be grouped into clusters, ὅ ὧȟὧȟȢȢȢȟὧ ȟὑ ὔ such 

that variables ᾀ  specific to some cluster k can be inferred from a subset of data sampled from 

ὼɴ ὧ.  

In the current case, the clusters are defined by shared evolutionary context. Specifically, 

given genomes from large numbers of related bacterial species, evolutionarily related proteins 

are detected through conserved homology (BLAST similarity) and synteny (conserved gene 

order). Intergenic sequences observed between related proteins are considered to belong to single 

clusters, and the generative model reconstructs several observed regulatory sequences through 

use of sequence-and taxon-specific latent variables inferred from a single cluster exemplar. We 

illustrate the basic premise of the variational homolog encoder in Fig. 1A. 

Variational autoencoder prior: Gaussian Mixture Model 

Typical variational autoencoder models use a unimodal standard normal prior to capture 

the structure of observed data points. Such models work well on observations expected to 

contain single classes of observations. We reason that intergenic sequences may be composed of 

multiple families of regulatory sequences and seek to model distinct sequence families that might 

present themselves in ribosomal binding sites, as well as diverse families of promoters, 

terminators, and other regulatory sequence features. We therefore propose to use a Gaussian 
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Mixture Model prior for the variational autoencoder and allow each intergenic region to contain 

multiple observations drawn from components of the GMM.  

For computational convenience it is simpler to optimize only the means of the Gaussian 

components while assuming cluster variances are spherical. Each sequence, when processed, 

therefore results in F inferred latent variables where each ᾀ Ὃͯὓὓ‘ȟρȟὯᶰρȣὑȟὪᶰ

ρȣὊ. We set F=8 and K=32 in our experiments. 

Phylogenetic inference of mixture proportions: Tree-informed LDA (tiLDA)  

The global analysis of bacterial regulatory regions is motivated by a core level of 

conservation in regulatory logic across all bacteria. The ñhousekeepingò sigma-70 protein, for 

example, is universally conserved across all bacterial phyla, and its ancient origin is sufficiently 

profound that it shares sequence homology to the major transcription factors of archaeal (TFB) 

and eukaryotic (TFIIB) lineages. On the other hand, usage of regulatory signals are known to 

vary across bacteria. As an example, usage of extracytoplasmic function (ECF) sigma factors 

varies significantly across the bacterial phylogeny and are considered phylum-specific: while 

ECFs are rarely found in Cyanobacteria, and occur a handful of times (2-10) within the genomes 

of Proteobacteria and Firmicutes like Escherichia coli  (2) and Bacillus subtilis (7), members of 

the Actinobacteria and Bacteroidetes phyla generally encode dozens of ECFs [15].  

Though the precise phylogenetic distribution of regulatory signal usage is unknown, we 

assume that it has some correspondence to the bacterial phylogenetic tree. We therefore seek to 

model the mixture proportions of regulatory signals in each genus according to a probabilistic 

hierarchical model known as Tree-Informed Latent Dirichlet Allocation (tiLDA) [16, 17]. 

Through the tiLDA model we define a probabilistic structure through which component 
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proportions, defined by a Categorical distribution over clusters in a GMM, vary according to the 

known structure of bacterial phylogeny. 

Phylogenetic inference of taxon-specific features: GMM with random effects 

Many prokaryotic regulatory features are conserved across broad ranges of bacteria, but 

over the course of hundreds of millions of years of natural selection, regulatory features can be 

expected to change gradually across bacterial species. These sequence changes are expected to 

affect all regulatory sequences within a genome, and their differences are expected to correspond 

to the evolutionary history of the considered organisms. We therefore consider a model similar to 

the one proposed in [18, 19]. Briefly, in contrast to a standard GMM model, which assumes that 

all data originates from one of K clusters, we now allow each of the globally-shared clusters to 

be transformed in a group and cluster-specific manner such that their mean is shifted to better 

match the features of sequences observed within single genera. This mean shift is in turn 

stochastic and drawn from a Gaussian distribution centered at each global cluster mean. 

We illustrate a simplified view of the components of the VAE prior in Fig. 1B/1C. 

Neural parameterizations 

For the encoder and decoder, we use standard Transformer models [20] with 3 sets of 

attention and feed-forward layers each. Final variational parameters are inferred through an 

attentive summary of lower activations followed by a linear layer.  

On top of the latent variable ᾀ expected to follow the transformed GMM prior described 

above, we additionally encode a second latent variable ᾀ , with a standard normal-prior that 

we expect to carry idiosyncratic sequence-specific information that is not explicitly related to the 

sequenceôs species of origin. The conditional decoder receives both an autoregressive signal 

from the preceding character ὼȟ  to predict each character ὼȟ as well as global conditioning 
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variables ᾀ, ᾀ  sampled according to the inferred variational parameters from the variational 

homolog encoder.  

We further provide up to 30 bp of nucleotides of downstream coding sequences as 

additional context to the Transformer decoder. This optional training feature allows the model to 

learn interactions between regulatory sequences and downstream coding sequences but requires 

that downstream coding sequences be known and provided at generation time (a reasonable 

assumption for most synthetic biology use cases). 

Large-scale collection of syntenic intergenic sequences 

The model, as designed, depends on the collection of evolutionarily related sequences 

from a large variety of bacterial genomes. We used the IGG dataset of whole-genome assemblies 

of bacterial genomes  [21], using the subset of genomes that were denoted as high-quality. 

We use a graph-based approach to extract syntenic blocks of sequences of at least three 

genes, with each set of genes found in at least three distinct genomes (Supplementary Methods). 

After filtering out tRNA, rRNA and ncRNA regions, our dataset is composed of approximately 

12.6 million sequences belonging to 1.95 million intergenic region clusters with at least 3 

orthologous groups. We split this collection into training and validation sets. The dataset covers 

1180 bacterial genera represented in the IGGdb dataset. 

Optimization  

The modelôs probabilistic structure is complex and requires two forms of variational 

optimization. Parameters of the neural networks in the encoder and decoder can be trained 

through stochastic variational inference and the reparameterization trick, as is standard with 

other variational autoencoders [9]. On the other hand, global features belonging to the tiLDA 

prior must be updated through full-batch variational inference. 
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We follow the approach proposed in [22]: encoder/decoder parameters and probabilistic 

priors are updated according to alternating optimization. Starting from random initializations, 

encoder/decoder parameters are improved according to their standard objective function, then 

frozen (i.e. parameter updates are halted). Latent data is drawn from the model based on these 

frozen parameters and inputs from the training distribution and used to fit the phylogenetic 

parameters through full-batch variational inference which runs until convergence. These steps 

are repeated over many epochs. 

As is standard in VAEs, neural parameters are updated using Adam [23]. To avoid 

problems with early posterior collapse due to poorly initialized parameters, we initialize the 

model to follow a flat, non-hierarchical GMM prior, and smoothly adjust the model to fit the 

phylogenetically-informed tiLDA prior after the model has adjusted its parameters to model 

basic features of the data. For more details, see Supplementary Methods.  

 

Results 

Quantitative model results 

 We train the model and explore quantitative summaries of its learned structure. 

Examining the final KL loss values per sequence, we observe that we avoid collapsed posteriors 

at every stage of the model. The KL costs of both the phylogenetically distributed latent variable 

ᾀ and the auxiliary variable with standard Normal prior ᾀ  bear similar costs, at roughly 58 

nats and 48 nats per sequence, respectively. The model is able to faithfully reconstruct inputted 

DNA sequences, with a reconstruction cost of approximately -0.6 nats/base pair, indicating 

roughly 55% of the probability mass is allotted to the correct base pair on average. 
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 As judged by the costs of the global prior allocating different cluster probabilities as well 

as the costs of the phylogenetic Gaussian transformations, all levels of the phylogenetic structure 

remain active. The ELBO contribution of the global prior works out to be approximately -0.9 

nats/sequence in the dataset, amortizing a fairly large cost of a global structure over many 

observations. On the other hand, the KL costs of transformations vary across taxonomic ranks, 

with an average KL cost of approximately 189 nats at the phylum level, 272 nats at the class 

level, 75 nats at the order level, 21 nats at the family level, and 63 nats at the genus level. There 

is some variation between taxonomic ranks with varying levels of underlying sequences to 

model, reflecting different KL cost allocation according to the modelôs ability to amortize the 

cost across many observations. 

Exploration of learned model structure 

 We explore some aspects of the learned model structure in order to assess that the latent 

structure of the model matches our expectations. Visual aspects of the exploration are provided 

in Fig. 2. First, we examine the transformation parameters for each genus: extracting the 32-

dimensional mean shifts for each of the 32 Gaussian clusters in each genus, we use t-SNE to 

visualize the 1024-dimensional vector in 2-D space (Fig. 2A). We observe that the genus-

specific parameters sort naturally into phylum-level clusters, with Actinobacteria (top-right) 

clustering most distinctly from the rest of the phyla, and further observing that most phyla 

additionally demonstrate multimodal clusters corresponding to further taxonomic divisions. 

 We also explore the multimodal aspect of the encoder representations. Though the model 

requires multiple related sequences during training, the encoder infers its representation based on 

single representative sequences. At the end of model training we can therefore use the encoder 

network to infer representations for individual intergenic sequences. Using this capability to 



104 

 

encode 3340 intergenic sequences we examine the first component (corresponding to the first 32 

dimensions of the phylogenetically distributed ᾀ variable) by projecting its representation 

through t-SNE (Fig. 2B). We observe that the components appear to disperse into distinct 

clusters, matching our expectation that the latent variables are multimodal. This corresponds to 

further evidence of multi-modality that can be obtained by looking at cluster responsibilities in 

the Gaussian Mixture model directly. 

 We also observe variation in the ’ variable reflecting Dirichlet cluster allocations across 

genera. Sampling a set of relatively well-studied bacterial genera, we see that a handful of 

clusters (4, 11, 13, 27) are commonly used with some variation in the usage of other clusters 

across various genera. Amongst the visualized genera, we observe particularly focused cluster 

usage in the genus Borrelia and relative diversity in cluster usage present in the Streptomyces 

genus. 

 Finally there is potential to utilize the modelôs representations of individual nucleotides 

as an additionally useful feature for downstream applications. In Fig. 2D we visualize some of 

these features for a single intergenic sequence sampled from the E. coli genome. We observe that 

potentially unsurprisingly, the modelôs sequence reconstruction probability is maximized in a 

poly-T area of low sequence complexity. We also see that the modelôs attention layer collects 

information from positions across the breadth of the input sequence. A potential area for 

investigation uncovered by this analysis is that the attention layer is not as ñactiveò as we may 

expect, changing little from sequence to sequence: this may reflect that the Transformer layers 

are themselves routing representations to specific positions in the final layer, making the specific 

value of explicit attention values less useful than initially hoped. 
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Application to supervised learning tasks 

 Given that the model appears to train successfully and capture aspects of the structure of 

the training data, we sought to explore its potential for use as a feature extraction module for 

supervised learning tasks related to study of intergenic sequences. A variety of potential data 

modalities exist but we chose to focus on gene expression as a potentially useful task we 

expected to be well-suited for the representation learned by the model. 

 We began by analyzing data from a large-scale exploration of regulatory sequences [24]. 

This study sought to explore the landscape of gene regulation across a collection of organisms by 

constructing a library of promoters sourced from a wide variety of bacterial genomes. We take a 

simple approach to the problem: we use only our latent representation (concatenating both ᾀ and 

ᾀ ) as input and use a relatively small (~100,000 parameters) 3 layer neural network with 

batch normalization to directly predict expression values. We pool data from all three species 

and train on 75% of the data (maintaining the train/test split across all three species so that test 

sequences are never observed during training). 

 We observed that the trained supervised models are not able to beat previous states-of-

the-art as defined by [24]. Nonetheless we do observe some correlation in Fig 3, suggesting that 

that this approach is able to predict some aspects of expression from the unsupervised 

representations. This is encouraging and motivates further exploration of the modelôs capabilities 

as well as improvements in this supervised task. To get a sense of further potential applications 

we examined the possibility of fitting the RS241 dataset, a small library of 241 promoters pulled 

from the larger dataset that is measured across a wider variety of species, and a large collection 

of expression values obtained by combining the Johns library with 80 datasets of genomic RNA-

seq values obtained by the Wang Lab or available through public expression datasets (GEO).  
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 In the case of RS241, we train on half of the sequences (120 promoters) in this dataset 

and assess whether we can obtain predictive performance using a similar model. In the case of 

GEO expression datasets, we incorporate intergenic features on either side of the targeted 

sequence in order to model operon structure and, taking advantage of a slightly larger dataset 

amenable to larger neural networks, use a LSTM layer with 100 hidden units to make 

predictions. We train on 75% of the data and hold out the remaining 25% for testing. 

These analyses result in correlations that are low or modest, depending on the species 

studied. Correlations in RS241 are shown in the right half of Fig 3. Correlations of a randomly 

sampled set of genomes studied in the GEO dataset are shown in Fig. 4. The sum of this analysis 

suggests that the unsupervised model may encode some information relevant to the task of 

predicting expression, but further optimization of model design is necessary to achieve better 

results.  

Conclusion 

 It is encouraging that an unsupervised generative model of intergenic sequences covering 

the vast sequence diversity of currently available bacterial genomes could be trained according to 

a well-defined clustered optimization objective. Though predictive performance on supervised 

learning tasks demonstrated relatively modest levels of success, we believe further iterations on 

model structure may help improve downstream performance and further motivate its use in real 

world scenarios. There are also many more supervised tasks to try in order to find fruitful areas 

of model application. 

In terms of immediate improvements to the proposed model, we observed some issues 

with relatively invariant attention features and somewhat uneven usage of the Gaussian Mixture 

Model clusters. It is likely these problems could be overcome with additional engineering. An 
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additional interesting point of investigation might be to investigate whether the homolog 

variational encoding objective can be loosened over time in order to recover the standard 

variational objective, as the model seems to reconstruct sequences quite well in its current 

configuration and a standard variational objective would allow the model to be trained on all 

available genomic sequences, which may be advantageous. 

Prospectively, a high-quality generative model of bacterial intergenic sequences may 

enable novel applications in high-throughput synthetic biology by allowing practitioners to 

expand the currently available pool of regulatory sequences to a larger variety of synthetic 

sequences that can be iteratively improved according to defined model expectations. The model 

could also be used in conjunction with recently proposed models of protein sequence to improve 

understanding of the connection between latent generative factors influencing interactions 

between DNA and protein features in bacterial genomes. It may also be useful for existing 

genome annotation problems which tend to struggle to annotate many aspects of regulatory DNA 

in non-model organisms. These improvements could have exciting implications for synthetic 

biologistsô ability to manipulate the regulation of a wide variety of biological systems, including 

those involving non-model organisms, and provide an excellent motivation for further 

development of generative models able to capture relevant structure in contemporary large-scale 

biological datasets. 
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Figure 2: Overview of the proposed model. A: Syntenic regions across genomes in a single 

genus are identified via reciprocal best blast hit searches (indicated by colored circles). Sequences 

in related genomes are reconstructed based on a single shared latent variable inferred by a 

Transformer encoder model and sampled through the reparameterization trick . B: Overview of 

prior. The figure shows only two levels of phylogeny and a reduced number of genera and clusters 

for clarity. Bar plots represent cluster abundances while Cartesian coordinates indicate cluster 

means. Both parameters shift according to bacterial phylogeny (shown by central tree with arrows). 

C: a plate diagram of the simplified probabilistic model.  
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Figure 2: Characteristics of trained model. A: An unsupervised tSNE representation of the 

phylogenetic shifts (Ⱳ parameter describing deviation from global GMM cluster means). Latent 

positions reflect coarse phylum-level phylogeny, with smaller taxa existing on a continuum between 

larger groups. B: tSNE visualization of the first components inferred from encoder activated on 

every intergenic sequence in E. coli MG1655 genome. The learned embedding appears to indicate 

distinct clusters as expected. C: A visualization of differences in cluster usage across the bacterial 

phylogeny (value of the Dirichlet ⱨ parameter for each genus). We select a representative random 

subset of represented genomes and observe some variation in cluster weight across genera. D: 

Visualization of some features inferred from a single intergenic sequence sampled from E. coli 

MG1655 genome. The sequence is shown at top. Top grey area plot: probability assigned to correct 

residue at each position, peaking near middle in low-complexity poly-T region. Middle heat-map: 

visualization of attention in ñsummaryò layer of encoder across length of sequence. Attention 

appears to center around region with high probability of correct reconstruction. Bottom blue area 

plot: sequence entropy at each position, indicating model uncertainty for next nucleotide at each 

position. 
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Figure 3: Correlation plots of prediction accuracy on test data. In all cases, Pearson R2 

values are given at top-right, and dashed lines indicate lines of best fit. Left: correlation plot of true 

log2 expression values (x-axis) and predicted log2 expression values (y-axis) for test values for 

neural network trained on full library of Johns dataset. Right: 6 correlation plots for members of 

the RS241 datasets. Species are Bacillus subtilis, Corynebacterium glutamicum, Escherichia coli, 

Pseudomonas aeruginosa, Salmonella enterica, and Vibrio natriegens. This model is trained on a 

sample of 120 sequences from the full RS241 dataset, demonstrating potential to train models in the 

low-data regime based on unsupervised features. 
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Figure 4: Correlation plots of prediction accuracy on test data for models trained on GEO 

expression datasets. In all cases, Pearson R2 values are given at top-right, and dashed lines indicate 

lines of best fit. Plots show true log2 expression values (x-axis) and predicted log2 expression values 

(y-axis) for test values. The neural network is trained on a training subset collected from 83 

datasets covering internal and public datasets (downloaded from GEO) of RNA-seq analyses on 

bacterial genomes from across the bacterial phylogeny. Values are z-transformed before fitting to 

account for differences in scale and base expression values across experiments. 
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Supplementary Material 

Further details on data collection 

For each genome, we used the computational tool prodigal [1] to predict protein-coding 

sequences. We organized genomes according to their assigned genera and used ublast [2] to find 

reciprocal best blast hits (RBH) for each gene and each genome within the genus (RBHs require 

>35% identity over >50% of the query protein length to be considered). To select intergenic 

regions most likely to share evolutionary history, we required that intergenic regions occur 

within groups of consecutive RBHôs shared across multiple genomes within a genus.  

These groups of RBH were extracted according to a graph-theoretic approach: for each 

genome, an adjacency graph was constructed where nodes correspond to proteins and edges 

correspond to (possibly empty) intergenic regions between proteins. Connected components in 

this graph initially correspond to chromosomes, scaffolds or contigs. We collect paths running in 

each direction (to account for differences in strandedness between genomes) from the start and 

end of each connected component. 

Given a query genome, nodes within every other genome in the genus are labeled 

according to their RBH in the query genome, if it exists. Nodes with no RBH as well as edges 

leading to these nodes are temporarily deleted, further dividing these genomes into query-

specific connected components. Genes across all genomes are then shingled into k-mers of size 

3. Iterating over each shingle/k-mer within the query genome, we determine whether the k-mer is 

present in connected components across at least 3 other genomes in the genus through a 

dictionary maintaining counts. 

Shingles within the query genome that are sufficiently well-supported across other 

genomes as well as nodes and edges across all genomes corresponding to the current group are 
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extracted for further processing (extraction of intergenic sequences between start and stop 

codons, reverse complementing if necessary), and the nodes and edges are permanently deleted 

from their adjacency graphs, so that extracted intergenic sequences belong to a single RBH 

group. The outlined procedure is repeated until all genomes within a genus are queried. The 

algorithm is greedy and is not guaranteed to find an optimal number of syntenic sequences. 

However, it runs quickly and extracts a large number of syntenic intergenic sequences. 

Extracted intergenic sequences are filtered to remove non-coding RNAs [3], including 

tRNAs and rRNAs, which are not expected to encode conventional regulatory signals we seek to 

model. 

Consensus-driven neural adjustment of translation initiation positions 

 We observed that inconsistencies in start-codon annotation often resulted in a substantial 

minority of sequences exhibiting significantly distinct intergenic sequences between genomes. 

While some of these inconsistencies may reflect genuine differences in protein sequence, a large 

number are likely related to errors in translation initiation site prediction. We sought to address 

this problem by leveraging the fact that translation initiation sites in which we are interested 

necessarily include several related sequences (as they are the product of our syntenic gene block 

extraction procedure) and aimed to create a neural network that could predict translation 

initiation sites based on multiple sequence alignments. 

 To do so we extract maximal CDS regions (sequences extending predicted genes 

upstream to proximal stop codons) for each targeted gene and aligned the regions using MAFFT 

[4]. These multiple-sequence alignments are fed into a two-dimensional Wavenet-like 

architecture (with height reflecting the number of aligned homologous regions and width 
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reflecting protein length) combining causal width-aligned convolutions with Hx1 convolutions in 

the height dimension.  

We train the model using prodigal predictions. To limit the modelôs ability to 

approximate prodigal predictions as opposed to ground-truth and minimize the effect of 

differences in GC-content and codon usage in the bacterial taxonomy which are better modeled 

by prodigal, we enforce causality and reverse the sequences as well as designing the model to 

rely almost exclusively on amino acid sequences for its predictions: whereas prodigal uses 

upstream nucleotide features for its predictions, our neural model uses downstream amino acid 

features. The Wavenet model is designed to output a single scalar feature, and codon information 

is added only in the final layer preceding this output so that the layer can incorporate differences 

in valine codons that may be obviously related to initiation potential (e.g. GTG vs GTT). 

The single scalar feature is collected at all positions that may encode a start codon (ATG, 

GTG, TTG), as well as the mean of this feature across the length of the protein. Along with an 

embedding of position these features are fed into a bidirectional GRU layer. The start codon 

prediction is based on a scaled version of the scalar feature derived from the Wavenet model, 

where the scale is determined by the biGRU layer meant to allow the model to capture arbitrary 

context lengths. 

We train this model based on a collection of genes with matched prodigal predictions. 

Despite being based on prodigal output, we find this model naturally tends toward increased 

consensus between genes in its prediction while maintaining high accuracy in held-out data 

predictions. We incorporate both prodigal and neural network predictions through simple 

majority-vote heuristics to define translation initiation sites for downstream predictions. 
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Use of this initiation site correction algorithm is optional and meant to address potential 

data quality issues: it is not necessary for model inference or alternative training regimens. 

TiLDA prior details  

The tiLDA model is a variant of the Latent Dirichlet Allocation (LDA) model [5], a 

model that was popularized in the analysis of text documents. In its classic text document set-up, 

LDA models the probability of a word, ύ, being drawn from a multinomial, ᾀ, distributed 

according to a Dirichlet distribution, —, defined for each document, Ὠ. The Dirichlet 

distribution, —, is in turn drawn from a hyper-prior Dirichlet distribution, –. 

The tiLDA model considers a hierarchical extension of LDA, and was also originally 

proposed for analysis of text. Documents are organized into a tree-defined hierarchy (such as 

those found in online discussion groups): instead of drawing a document-level — from – we 

draw — from a parent Dirichlet — which may itself be drawn from a grand-parent Dirichlet — , 

and so on to a top-level prior, —. Each node can have multiple descendants, allowing a tree 

structure to be defined. Dependence on parent Dirichlet distributions allows the usage of topics 

to gradually change across the width of the tree. The degree of similarity between parent and 

offspring topics is impacted by the additional random variable, Ŭ, defined at each node. 

In the considered use case, the multinomial ᾀ defines selection of a component from the 

GMM. Each level of the hierarchy defines a separate taxonomic rank (Bacteria as root node, 

then phylum, class, order, family, genus), and dependence on higher Dirichlet random variables 

implies that relative usage of each mixture component varies based on evolutionary history. 

Reparameterizable training of continuous random effects features 

We propose to capture variations in the evolution of features across distinct regulatory 

sequence families through shifts in the means of universal sequence components captured by 
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multivariate Gaussian clusters. This transformation of component Ὧ according to the genus Ὦ, 

† ȟ, is itself stochastic and defined such that it is expected to match the evolutionary 

history of bacteria. Intuitively, this shift should describe changes in regulatory features that are 

the product of long-term evolutionary divergence. 

Formally, 

 † Ȣ ~ ὔέὶάὥὰ‘ȟ„ 

 † ȟ ~ ὔέὶάὥὰ‚ † ȟ ȟ„ 

 † ȟ ~ ὔέὶάὥὰ‚ † ȟ ȟ„ 

 † ȟ ~ ὔέὶάὥὰ‚ † ȟ ȟ„ 

 † ȟ ~ ὔέὶάὥὰ‚ † ȟ ȟ„ 

where ‘ and „ are free parameters generally set to 0 and 1. Here we include an optional 

transformation, ‚  (which can be set to the identity function if unwanted) to demonstrate that 

it is possible to model dependencies between levels of the taxonomy through non-linear 

transformations parameterized by neural networks and optimized through the reparameterization 

trick with the rest of the variational autoencoder. To do this we use a structure similar to Deep 

Gaussian Latent Models (without amortized inference) or Deep Exponential Families (without 

stochastic weights) [6, 7]. Combining the above generative components, the final generative 

process for each regulatory sequence ί  observed in the genomes of genus g is: 

 Draw genus shifts:   †   ͯὔέὶάὥὰ‚ † ȟ ȟ„ 

 Draw a cluster:  ᾀ   ͯὓόὰὸὭὲέάὭὥὰ—  

 Draw a sequence:  ί   ͯὔέὶάὥὰ‘ † ȟ„  
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The generative process involves an explicit transformation of the components of the 

GMM, which is optimized through full-batch variational inference. It might be anticipated that 

this would require similar variational updates for the hierarchically defined random effect 

variables. We avoid this by observing that the transformations are sampled from Gaussian 

distributions, and therefore amenable to the reparameterization trick. We apply our taxon-

specific transformations to the variational data as opposed to the mixture components 

themselves, such that given data ί and cluster assignment ᾀ , instead of transforming model 

components with a genus specific †  such that ί ὔͯέὶάὥὰ‘ † ȟ„, we transform 

our latent observations through a component-specific mechanism: ί † ὔͯέὶάὥὰ‘ ȟ„ 

for all Ὧᶰρȣὑ . When the Gaussian components are updated, we use appropriately 

transformed data to update each of the Gaussian modes through standard variational inference. 

This parameterization is equivalent, and we therefore enjoy the flexibility of defining expressive 

group-specific transformations through reparameterization and back-propagation without 

requiring derivation of explicit variational updates or infrequent update schedules.  

Details on neural architecture of phylogenetic random effects model 

 We construct a deep hierarchical latent variable model with extensive use of residual 

connections. Shift parameters are applied directly to clusters: instead of operating on all 

dimensions across all clusters at once, we separate each cluster into smaller sets of parameters 

that are processed independently through a ὓὒὖὅέὲὺ layer combining convolution with a multi-

layer perceptron layer (using GLU activations for the hidden representation). We do this to avoid 

limit the number of parameters and reduce unnecessary interactions between cluster parameters. 

 At each layer ὰ, we define ὴȟὴ  and ήȟή  to define variational priors and posteriors, 

respectively, to be inferred by each layer of stochastic variables. 
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 We set ὴȟὴ ὓὒὖὅέὲὺВ ᾀᶰ  and ήȟή ὓὒὖὅέὲὺὩάὦὩὨ В ᾀᶰ , 

where В ᾀᶰ  defines a residual sum over all latent variables drawn from higher layers 

(defining more general taxonomical ranks), ᾀ ή ή ẗ‭, where i is a layer and ‭ is an 

auxiliary source of noise for the reparameterization trick. ὩάὦὩὨ  is a free embedding 

parameter defined for each taxon in the phylogeny which can be optimized through 

backpropagation and stochastic gradient descent. We further use this embedding as a 

deterministic input to our encoder model so that it can incorporate phylogenetic information into 

its inference over latent sequence features. Ultimately only the final genus level layer ᾀ  is 

used to shift the Gaussian means: higher-level features are used only to set priors at each level of 

the phylogenetic hierarchy. 

Additional optimization details 

Unfortunately, the discrete nature of the Gaussian Mixture Model as well as the global 

structure of the phylogenetic hierarchy render the tiLDA component of the model difficult to 

optimize through reparameterizable stochastic variational inference. We therefore adopt an 

optimization method similar to the one proposed in [8]: we alternate between (1) SVI on 

continuous reparameterizable variables in the VAE and the random effects model (see 

Supplement) and (2) full-batch variational inference on the tiLDA/GMM prior. According to this 

alternating optimization framework, the tiLDA-GMM is optimized to fit data sampled from the 

VAE encoder, while the encoder implicitly learns to match this multi-modal prior as it changes 

slowly over the course of many epochs. Ultimately this alternating optimization optimizes a 

single objective function through coordinate ascent. 

We utilize KL-annealing [9] to linearly increase the cost of the latent layer from 0.0001 

to 1.0 (the traditional bound) in increments of 1.25e-6. We initialize the model with a non-
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hierarchical GMM prior and optimize the encoder/decoder for 8,000 iterations. We then reset the 

KL-strength and additionally use a prior-annealing term initially set to 0.0 and subsequently set 

to be 5x greater than the KL-strength to smoothly transition from a GMM-prior to a tiLDA prior 

over the course of the first 20% of the KL-annealing component of our training procedure.  

We find that the tiLDA -GMM prior converges over the course of training and requires 

fewer updates as training proceeds: it is updated every 8000 steps for the first 80000 iterations, 

then every 16000 steps for the next 240000 iterations, and then every 32,000 iterations for the 

rest of training. Updates are done using full -batch variational inference based on samples 

obtained from the encoder using the full dataset and frozen neural parameters.  

Most updates to components of the model are implemented in Tensorflow, except for 

updates on hierarchical variables †ȟ‖, and ‌ (see original tiLDA paper for details) which were 

found to be unstable when using single-precision arithmetic or dependent on conditional loops 

not suitable for GPU parallelization: these parameters are relatively few in number compared to 

the rest of the model. To maximize computation speed, these updates were implemented using 

numba [10].  

We are able to optimize the model relatively quickly through the benefits of GPU 

parallelization on the most computationally-intensive part of parameter optimization which is 

assignment of cluster variables to individual Gaussian components. To reduce memory 

consumption, we find that sufficient statistics required to update these terms can be efficiently 

collected and summed across mini-batches in a manner similar to memoized variational 

inference [11]: this also limits the requirements for data transfer between GPU and CPU for 

those parameters that cannot be optimized in tensorflow. 
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We run full batch variational inference until convergence, with a relative tolerance in 

convergence of 1e-4. The number of iterations until convergence tends to decrease over the 

course of training. Given these model parameters, training takes approximately 7-10 days to 

complete on a Tesla V100 GPU depending on how long after KL-annealing (5 days) the model is 

terminated. Computation time is roughly split between updates on neural parameters and updates 

on variational parameters in the tiLDA model. 

TiLDA Generative Model and ELBO derivation 

Taking inspiration from the delineation between allocation and observation model 

components as defined by [12], we formally describe the proposed model for allocation of 

Gaussian cluster components as: 

Draw Gaussian cluster means:   ‘ ὔͯέὶάὥὰπȟρ Ὢέὶ Ὧᶰ ρȟȣȟὑ  

 Draw top-level cluster proportions:  — ὈͯὭὶὭὧὬὰὩὸ‎ 

For each genome with known phylum p, class c, order o, family f, genus g, draw: 

— ͯ ὈὭὶὭὧὬὰὩὸ‌—  

— ͯ ὈὭὶὭὧὬὰὩὸ‌—  

— ͯ ὈὭὶὭὧὬὰὩὸ‌—  

— ͯ ὈὭὶὭὧὬὰὩὸ‌—  

— ͯ ὈὭὶὭὧὬὰὩὸ‌—  

For each feature f in regulatory sequence ί  observed in the genomes of genus g: 

  Draw a cluster: ᾀ  ͯὓόὰὸὭὲέάὭὥὰ—  

  Draw a feature: ί  ͯὔέὶάὥὰ‘ ȟ„  

We consider a variant of the tiLDA model where instead of a multinomial observation 

model typical to analysis of words and documents, a Gaussian Mixture Model over continuous 
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observations is used: these continuous observations will be sampled from our variational 

autoencoder, similar to the approach in [8]. For the sake of computational simplicity we assume 

spherical Gaussian mixture components.  

Our inference procedure matches the work of [13, 14] and [12] closely, differing on an 

implementation level in the approach to parallelization and collection of sufficient statistics. We 

briefly review the most important aspects of the optimized lower bound. 

Consider the model: 

— ὈͯὭὶὭὧὬὰὩὸ‎ 

— ὈͯὭὶὭὧὬὰὩὸ‌ —  

ᾀ ὓͯόὰὸὭὲέάὭὥὰ—  

‘ ὔͯέὶάὥὰπȟρȟ Ὧᶰρȣὑ  

ὼ ὔͯέὶάὥὰ‘ ȟρ 

The complete evidence lower bound is: 

ὒ Ὁ ÌÏÇὴ—ȟὼȟᾀȟ‘ȿ‎ȟ‌ȟ– Ὄή 

Ὁ ÌÏÇὴ—ȿ‎ Ὁ ÌÏÇὴᾀ ȿ— Ὁ ÌÏÇὴὼ ȿᾀ ȟʈ

Ὁ ÌÏÇὴ—‌ — Ὁ ÌÏÇὴ— ‌ — Ὄή  

Where Ὄή is the entropy of the variational parameters: 

Ὄή Ὁ ÌÏÇή— Ὁ ÌÏÇήᾀ Ὁ ÌÏÇή‘  

The authors of [13] use a novel result to form a new lower-bound: 

Ὁ ÌÏÇɜ‌— ÌÏÇɜ‌Ὁ—
‌ρ Ὁ—

’
ρ ‌Ὁ— ÌÏÇὉ— ɰ’ ɰ’  
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Considering the parameters of the ñallocation modelò and using this result, the expectations over 

Dirichlet parameters consist of terms for the node itselfé 

Ὁ ὰέὫὴ—

ÌÏÇɜ‌
‌

’
ὑ ρ ‌ɰ’ ὑɰ’ ‌ÌÏÇ’

ÌÏÇɜ
‌’

’

‌’

’
ÌÏÇ’ ɰ’ ÌÏÇ’ ɰ’

ÌÏÇ’  

And descendants/children of the node, if applicable: 

Ὁ ÌÏÇὴ— ‌
’

’
ɰ’ ɰ’ ὑɰ’ ɰ’  

The entropies of the variational parameters are sums over: 

Ὁ ÌÏÇή— ÌÏÇɜ’ ÌÏÇɜ ’ ’ ɰ’ ɰ’  ɰ’ ɰ’  

Ὁ ÌÏÇήᾀ ”ÌÏÇ” 

Where ” defines the responsibility of a data point across K clusters. 

On the observation side of the model, ignoring constant terms and assuming zero-mean spherical 

components: 

Ὁ ÌÏÇὴὼ ‘ȟ”
Ὀ

ς
ÌÏÇς“

ρ

ς
” ẗὼ ςὼ ‘ ρ ‘  

Ὁ ÌÏÇὴ‘
Ὀ

ς
ÌÏÇς“

ρ

ς
ρ ‘  
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Ὁ ÌÏÇή‘
Ὀ

ς
ÌÏÇς“Ὡ 

Mini -batches and ELBO scaling 

Mini -batches are used to update the proposed model. Language models enjoy some 

freedom in their separation of text corpora into distinct fragments (books can be separated into 

distinct chapters, paragraphs, or sentences). Analogously we separate our genomes into mini-

batches of observed genomic features and generate ólatent observationsô according to this 

minibatch. In each training iteration, this mini-batch of features is drawn from a single genome 

whose phylogenetic latent variables are updated at the end of the step. The number of words is 

known to affect LDA optimization [15] and we plan on investigating the effect of batch size 

choice in the future. 

As is standard in stochastic variational inference, we adapt the ELBO to work in the 

context of mini-batches by scaling it such that a genome-specific lower-bound is improved. 

Specifically, given global allocation parameters ‍ and component means ɡ as well as an 

ELBO term for local variational parameters, ɧ , the per-genome ELBO is: 

ὒ‰ȟ— ɧ
Ὁ ÌÏÇὴɼὴɡ Ὄή‍ Ὄήɡ

ὐ
 

where J is the total number of genomes in the dataset. Summed over the entire corpus of 

genomes, this will correspond to the global ELBO. For our phylogenetically defined latent 

variables, the lower-bound is weighed by the reciprocal of the number of genomes belonging to 

each taxon. Similarly, across all observed genomes, this will also sum to a globally accurate 

ELBO. 

A possible concern is that this weighing scheme may unduly influence the model toward 

data that is relatively over-sampled due to phylogenetic variation in whole-genome availability 
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(pathogenic bacteria are more heavily sampled) and taxonomic uncertainty (the correct atomicity 

of taxonomic classification may be hard to define). We plan to investigate this potential issue in 

the future.  

Neural architecture details 

The number of features per layer is generally set to 256, with 1024 features in the feed-

forward layers of the transformer. We use standard pre-activation transformers and train with a 

batch sizes of size 48 in the encoder layer. We set a maximum length of 400 bp for all intergenic 

sequences, with up to 100 bp of upstream/downstream sequence if sequences are shorter than 

this (as most are). On top of standard embedding layers for each of the possible nucleotides as 

well as a padding character we also learn an embedding for the three possible combinations of 

gene orientations bordering each intergenic sequence (+/+, +/- and -/+), and use this embedding 

as an additional input to the encoder/decoder. We reverse-complement -/- genes as well as 

reverse-complementing homologous sequences to match the representative sequenceôs direction 

as necessary. 

We construct a conditional transformer model in the decoder by embedding the z variable 

and adding it to the input layer of the model, as well as adding the output of a linear layer and the 

z variable to the internal representation at each feed-forward layer of the decoding transformer. 

We do not mask sequences in the inference/encoder network. For the decoder, we set 

autoregressive masks for intergenic regions while not masking genic regions that we consider as 

additional context. We do mask all parts of the intergenic region while constructing internal 

representations of the genic regions: this avoids breaking causality in intermediate layers of 

representation. 
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 We construct a weighted multi-head summary of features extracted from the encoder by 

running 1x1 convolutions across all positions in the final layer of the encoder to output filter, 

gate, and head-weight parameters (we use 16 heads). Head-weight parameters are softmaxed 

across the length of the sequence and used to weigh features of size 16 extracted from GLU 

activations obtained by: ὪὭὰὸὩὶίzὭὫάέὭὨὫὥὸὩ. 

 We use a linear layer with batch normalization as suggested by [16] to determine 

variational parameters for ᾀ and ᾀ  based on this encoder weighted summary. 

Details neural architectures for supervised tasks 

For the analysis of all sequences in the metagenomic library (Fig 3A) we use a 3-layer 

architecture. The 512 input units (concatenated z variables) are connected to a 128 unit hidden 

layer. This layer is batch-normalized and uses a ReLU activation. This hidden layer is connected 

to a second 128 unit hidden layer using GLU activations, batch normalization, and dropout a 

50% dropout probability for training. This second hidden layer is connected to a dense layer 

without batch-normalization that outputs a scalar prediction.  

 For the analysis of all sequences in the RS241 dataset, we use a similar model to the 

above, adding dropout in the first layer with dropout probability = 0.7 and increasing the number 

of hidden features in the first layer to 256. 

 For the analysis of all sequences in the GEO dataset, we incorporate the genomic 

structure of the whole-genome RNAseq data by feeding the targeted intergenic sequence 

representation as well as the representations of 4 upstream and downstream sequences into a 

basic LSTM model with 100 hidden units. We then use the final output of this LSTM to generate 

a single scalar prediction using a dense layer. 
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Models are trained to minimize mean-squared error on log-transformed expression 

values. In the case of the GEO dataset, we z-transform data to account for differences in basal 

RPKM values and differences in scale between experiments. Data resulting in infinite values are 

excluded from training and test correlation predictions. 
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Conclusion 

 In this thesis, several types of generative models applicable to synthetic biology design 

problems were developed and applied. Starting with a novel use of a previously developed model 

(a Markov Random Field model of protein sequences), a new algorithm was developed to 

construct double-encoding sequences. The powerful utility of the Markov Random Field model 

was demonstrated by its ability to generate functional novel protein sequences with relatively 

low homology to existing natural variants. Despite the modelôs power, we observed potential 

limitations to its broad applicability: the model generally requires many thousands of homologs 

to train which limits its applicability to less abundant but potentially interesting protein families, 

and its training procedure considers only a small fraction of the total scale of available protein 

datasets, potentially ignoring structure that might be inferred from more distantly related 

sequences. 

Using recent advances in deep learning and neural variational inference, we sought to 

address these potential limitations by constructing a more flexible model applicable to a 

significantly larger variety of protein sequences. Analysis of the modelôs learned representations 

demonstrated consistency with known features of protein sequences and potential for further 

future applications, particularly in its low-dimensional approximation of pairwise distances 

between sequences. A potential limitation of the model is its relatively simple probabilistic 

structure: though appealing in terms of its simplicity of analysis and construction, the unimodal 

Gaussian prior may not fully capture the complexity of the protein sequence universe. 

The final presented generative model combines recent advances in generative modeling, 

insights gleaned from the construction of the protein homolog model, and a probabilistic 
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architecture capturing phylogenetic structure to approach the study of intergenic non-coding 

sequences in bacterial genomes. Initial experiments show some potential for use of features 

learned through generative modeling when considering relatively small amounts of data obtained 

from non-model organisms. 

There is significant potential to further develop these models and potentially improve 

their applicability to synthetic biology and other biological problems. One approach is to 

combine models: given probabilistic models of both protein sequences and the intergenic 

sequences that regulate them, relationships between the two forms of data could potentially be 

investigated, and conditional models (e.g. priors for regulatory sequences dependent on the 

proteins they are expected to regulate) may provide a mechanism by which to enrich the 

structure captured by the models. There may also be reason to investigate larger units of function 

including operons and larger units of genetic function (gene clusters, phage genomes, plasmids, 

etc). 

An essential step moving forward will be to apply these models toward biological 

experiments to validate predictions. This step in the process may allow iterative refinement of 

learned structure, with the model able to shift internal representations of the sequence based on 

experimental results as well as selecting novel sequences that may be maximally informative 

given current models of the sequences being considered. This capability, mixed with novel 

capabilities in the space of DNA synthesis, provides an elegant framework by which to quickly 

design functional synthetic components and improve our understanding of biological systems. 
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Appendix A: Principles for designing synthetic microbial 

communities 
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