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The vast majority of the 3.1 billion base-pairs in the (haploid) human genome do not code for

a particular protein, yet mutations in these non-coding regions can have a profound impact on

phenotype and be deleterious. The reason is that within these regions – enhancers, promoters,

introns and untranslated regions (UTRs) – reside a cis-regulatory code which governs gene

expression and is sensitive to disruption. Ongoing efforts of mapping the relationship between

genetic variants and disease phenotype are limited by data and the lack of generalizability.

Furthermore, engineering de novo gene-regulatory sequences and proteins according to target

specifications, which would aid the development of vaccines, medical therapeutics, molecular

sensing devices and more, is hampered by the lack of methods that can reliably generate

large sets of diverse and optimized candidate designs for high-throughput screening.

This dissertation presents an approach combining Massively Parallel Reporter Assays

(MPRAs) with Deep Learning to obtain a sequence-predictive model of Alternative Polyadeny-

lation (APA), a regulatory process occurring mainly in the 3’ UTR of pre-mRNA. The trained

neural network predicts 3’-end cleavage at base-pair resolution and can accurately prioritize

human variants. By developing methods to visualize features learned in higher-order network

layers, we extract a cis-regulatory APA code that aligns well with established biology.



Next, the dissertation presents a family of methods that were developed to design de

novo biological sequences based on the response of a differentiable fitness predictor. These

methods, which are based on activation maximization, can be used to efficiently generate

millions of diverse, optimized sequence designs on the basis of a deep generative model. Fi-

nally, we present a feature attribution method for interpreting neural network predictions.

The method, which learns input masks that either reconstruct or destroy the prediction, im-

plements a masking operator based on probabilistic sampling that is shown to be particularly

well-suited for interpreting biological sequence models. The developed design- and interpre-

tation methods are demonstrated on several DNA-, RNA- and protein function predictors

and outperform state-of-the-art methods for multiple target applications.
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GLOSSARY

3’ UTR: Untranslated (non-coding) region at the end of an mRNA transcript.

APA: Alternative Polyadenylation, the alternative choice of Polyadenylation site.

POLY-A SITE: Polyadenylation Site, a site in the transcript where Polyadenylation is ini-
tiated.

PAS: Polyadenylation Signal, the core sequence element that defines a Poly-A site.

PROXIMAL ISOFORM: The shorter isoform, produced by polyadenylation at the first Poly-
A Site.

DISTAL ISOFORM: The longer isoform, produced by polyadenylation at other sites.

POSITION SPECIFIC SCORING MATRIX: PSSM – A matrix where each column corresponds
to nucleotide or amino acid probabilities at each position within a sequence.

ORACLE MODEL: A predictor model that we typically explicitly optimize or design se-
quences for.

VALIDATION MODEL: An independent model that we have not explicitly optimized se-
quences for.
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Chapter 1

INTRODUCTION

Humans have about 20, 000 protein-coding genes, the expression levels of which govern a

cell’s function and phenotype [92]. Gene expression is a tightly regulated process where the

genetic code – the human genome – not only codes for specific proteins but also contains a vast

amount of non-coding ’instructions’ for how expression of each protein should be modulated.

These instructions come in various forms: At the level of DNA, transcription is activated

or silenced by Transcription Factors (TFs) and regulation at the chromatin level [145, 156].

After transcription, the mRNA molecule itself is controlled by cis-regulatory, non-coding,

regions within the transcript [112]: the 5’ and 3’ untranslated regions (UTRs) influence

translation efficiency and stability [5, 57], and mechanisms such as Alternative Splicing (AS)

[15] and Alternative Polyadenylation (APA) [154] can create differentially regulated isoforms

by conditionally excluding parts of these regulatory regions. How sequence variation in these

non-coding regions alters expression is for the large part not well-understood.

Genetic variants that interfere with these cis-regulatory mechanisms have been impli-

cated in disease [39, 147, 51]. However, identifying which variants are pathogenic can be

quite challenging; hundreds of thousands of nucleotides differ between the genomes of two

individuals [92], which means a large population sample is necessary to statistically associate

loci with a particular phenotype. Consequently, rare and de novo variants become difficult,

if not impossible, to characterize with genome-wide association studies (GWAS) [84, 152].

Improving variant interpretation remains an open, yet important, problem if we want to

further our understanding of the link between genetic variation and disease.

Beyond variant prediction, engineering gene-regulatory sequences and proteins with im-

proved biological function is a defining goal of synthetic biology. Rational sequence design is
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expected to accelerate the development of molecular therapeutics, vaccines, nanotechnology

and other applications [123, 157, 93, 27, 90]. Developing efficient methods that can scale to

generate millions of candidate designs with controllable fitness, confidence and diversity in

order to support these applications is an ongoing effort in the field.

Finally, to tackle these challenges, researchers are increasingly relying on models based

on deep learning that relate nucleic acid or protein sequences to function [44, 175, 1, 173,

114, 68, 28]. Neural Networks (NNs) can learn complex relationships from large datasets,

but interpreting the functional rules encoded in these sequence-predictive networks remains

challenging. Yet, this is crucial if we want to associate variant predictions with regulatory

biology or understand the determinants governing the function of a protein or a non-coding

sequence in a gene [78, 172, 77, 171, 140, 8]. Model interpretation for sequence-predictive

neural networks is thus another important open problem within the research community.

This dissertation presents work conducted by me and colleagues in Seelig Lab in all three

of the problem areas introduced above. First, in the context of gene-regulatory modeling,

I will describe an approach where we measured a large collection of random sequence vari-

ants for Alternative Polyadenylation, an RNA-regulatory mechanism, and combined these

data with deep learning for predicting polyadenylation at nucleotide resolution. Next, in

the context of sequence design, we developed a family of gradient-based design methods

which could be used to generate diverse distributions of sequences with optimized functional

fitness. Finally, we developed an interpretation method for sequence-predictive neural net-

works which explain input patterns by learning input masks that either preserve or destroy

the original model prediction. Our approach, which adopts a temperature-based masking

operator where sequences are converted to nucleotide distributions with high sample entropy

for unimportant features, is particularly well-suited for biological sequences.

1.1 Learning Alternative Polyadenylation from Millions of Sequence Variants

Alternative Polydenylation (APA) is a regulatory process that happens as a gene is tran-

scribed into mRNA. Signaling elements referred to as Polydenylation Signals (PASes) located



3

within the transcript compete for cleavage and polyadenylation – an event where the 3’-end

processing machinery cleaves the molecule at the chosen PAS and appends a tail of adenine

bases – resulting in distinct RNA isoforms [54, 154]. The regulatory effect of APA depends

on where the PASes are located in the transcript: The most common form is 3’ UTR APA,

where the competing signals reside in the 3’ untranslated region (UTR) and hence produce

RNA isoforms with 3’ UTRs of distinct lengths [43]. These isoforms may have widely differ-

ent characteristics in terms of RNA stability, as regulatory elements such as miRNA binding

sites and structural elements could have been cleaved off for the shorter isoforms [154].

Figure 1.1: Using a trained machine learning model to predict the impact of human APA
variants and interpret cis-regulatory rules.

APA is itself governed by a regulatory code, where the ’strength’ of a PAS (its prefer-

ence for being selected) is determined by a central hexamer motif (CSE), most commonly

AATAAA, and cis-regulatory sequences surrounding the CSE [154]. These cis-acting ele-

ments include motifs for RNA binding proteins (RBPs) such as CPEB1, SRSF-family pro-

teins, ELAV-like proteins, positioning of core processing motifs such as CFI and CsTF,

as well as structural determinants like stem loops [43, 162]. Even though these regulators

are well-characterized individually, prior to our work we lacked a model that quantitatively

combined this information to provide APA isoform predictions. Moreover, several genetic

variants that disrupt APA have been implicated in disease [39, 13, 161]. Since experimentally

screening every possible variant is infeasible, and genome-wide association studies (GWAS)

are of limited use for rare variants [84], an accurate predictive model is crucial if we want to

identify and characterize pathogenic variants at genome scale.

In Chapter 3, we describe an approach based on massively parallel reporter assays
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(MPRAs) to experimentally measure millions of randomized 3’ UTR sequences with targeted

variation to the proximal polyadenylation signal of a plasmid reporter. This sequencing-based

MPRA provided rich measurements in the form of relative cleavage abundances at each se-

quence position, which allowed us to train a neural network – APARENT – for predicting

cleavage and polyadenylation at base-pair resolution given only the primary sequence as

input. We used this model to predict the effect of variants on human APA sites (Figure

1.1) and showed that APARENT significantly outperform other neural networks trained on

native genomic data in characterizing cryptic APA variants outside the CSE. Furthermore,

by extending sampling-based techniques for visualizing convolutional filters of the first layer

[1], and by adopting optimization methods from computer vision [139], we could extract

a comprehensive cis-regulatory code of APA learned in higher-order layers of the network.

While we here specifically investigated APA, the combined approach of MPRAs and deep

neural networks, as well as the visualization methods developed here, is likely to be widely

useful for the study of many other gene-regulatory phenomena.

This work was a collaboration between me and colleagues of Seelig Lab, and was later

published by Dr. Nicholas Bogard and I as co-first authors [17].

1.2 Engineering Gene-Regulatory Sequences and Proteins

Most sequence design methods are guided by predictive models that relate sequence to bio-

logical fitness. These models are increasingly being based on deep learning [44, 175]. Concur-

rently, a wide selection of molecular design methods are being developed [168]. For example,

Rocklin et al. (2017) combined rule-based design with a massively parallel stability assay to

explore the space of stably folded miniproteins [128]. Biswas et al., (2018) and Sample et al.

(2019) used genetic algorithms to optimize green fluorescent proteins and 5’ UTR sequences

respectively [14, 130]. Recently, deep generative models such as variational autoencoders

(VAEs), autoregressive networks and generative adversarial networks (GANs) have been

used to design proteins [34], de novo antibodies [127, 3], optimized promoter sequences [158]

and enzymes [125]. Furthermore, methods based on directed evolution have been developed
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to condition such models for a biological property [59, 18].

Clearly, the design methods being developed are highly diverse and it is not obvious which

method is suitable for what design problem, or even if one method is universally appropriate.

Here, the design problem is defined as the task of designing improved sequences for a bio-

logical function given an initial set of sequences {x}Ni=1 and associated fitness measurements

{f(x)}Ni=1 (Figure 1.2). In its most basic form, we study the following optimization problem:

max
x

f(x) (1.1)

Figure 1.2: Designing new improved biological sequences based on a functional model.

Due to the abundance of differentiable sequence-predictive fitness models P(x) that ap-

proximate f(x), this work investigates the utility of gradient-based optimization methods

for sequence design. Gradient-based optimization has previously been used for molecular

design [86, 80]. The method, commonly referred to as activation maximization, uses the gra-

dient of the neural network output to make incremental changes to the input pattern. While

simple, activation maximization cannot be directly applied to discrete sequences and several

re-parameterizations and relaxations have been proposed to rectify this [80, 61]. While show-

ing early promise, it is largely unknown whether gradient-based design is prone to getting

stuck in local minima, whether they can generate controllably diverse designs, or how to effi-

ciently generate many (millions) of candidate designs. Finally, the accuracy of the predictor

may diminish as sequences drift from the training data. It is unclear how we would enforce

constraints such as a ”minimum level of confidence” using activation maximization.

In Chapter 4, this dissertation presents an improved gradient-based sequence design
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method that outperforms current activation maximization algorithms as well as other com-

monly used global optimization meta-heuristics. The improved method builds on the follow-

ing two key ideas: Sequences are optimized on the basis of discrete samples drawn from a

distribution, and gradients are backpropagated using straight-through (ST) approximation

[31] or the Gumbel distribution [70]. Bottlenecks arising from skewed sampling parameters

are removed by normalization and the introduction of an adaptive, global entropy parameter.

Part of this work was published by me and colleagues of Seelig Lab in [17] and an updated

version of the method was later deposited on a pre-print server [100].

Next, in Chapter 5, we present an extension of activation maximization into a class of

generative neural networks which, by considering two independent sequence samples in each

forward pass, can optimize both fitness and diversity by backpropagation. Also, by incorpo-

rating models that estimate data likelihood, these networks can maintain sequence confidence

during end-to-end differentiable training. We refer to these activation-maximizing genera-

tive models as Deep Exploration Networks (DENs), and we show that they can efficiently

generate millions of diverse sequences that are optimized for various biological fitness predic-

tors, often producing more diverse designs than other estimation-of-distribution algorithms

(EDAs). This work was published in [96].

1.3 Interpreting Sequence-based Biological Neural Networks

As more and more sequence-predictive models are based on neural networks, it becomes

increasingly important to develop accurate interpretation methods for these architectures.

Due to the difficulty in extracting the learned rules from a neural network, we often instead

interpret individual input patterns using feature attribution methods which treat the network

as a black box (Figure 1.3). Many existing attribution methods use local approximation to

estimate feature importance [139, 170, 146, 150, 138, 103, 126]. However, such approaches

suffer three potential pitfalls: first, they assume independence among input features, while

sets of coupled features often impose non-linear effects on predictions. Second, many of these

methods struggle with saturated activations within the network. Third, most methods are
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not optimized for interpreting discrete input patterns such as biological sequences.

Figure 1.3: Discovering salient nucleotides or amino acids based on a functional model.

In Chapter 6, we develop an alternate approach to feature attribution for biological se-

quences based on previous work in mask-based interpretation [49, 48, 38, 26, 169, 24, 36]. A

deep generative model is trained to mask the input patterns such that it either includes or

excludes the smallest set of features in order to reconstruct or destroy the prediction. Our

version of this approach – Scrambler Networks – is made suitable for discrete sequence pat-

terns using a temperature-based masking operator: Given an input sequence, the Scrambler

outputs a Position-Specific Scoring Matrix (PSSM). Discrete samples drawn from this PSSM

are sent to the predictor and the Scrambler is trained by backpropagation to reconstruct or

distort the prediction. A sequence position is ’masked’ by raising the entropy of the un-

derlying PSSM distribution. Scramblers can efficiently discover multiple salient feature sets

within a single input pattern using a mask dropout layer. Furthermore, in addition to find-

ing reconstructive features, we can alternatively optimize the Scrambler to find feature sets

that maximize or minimize the prediction, allowing us to separate repressive and enhancing

motifs.

In this dissertation, Scramblers are shown to produce meaningful feature attributions for

several visual- and sequence-predictive tasks. Due to its use of a generative model, Scramblers

are much more computationally efficient than per-example interpretation methods and they

often learn to produce higher-quality attributions than competing methods. The majority of

the content in Chapter 6 was presented by me, Alyssa La Fleur and several other collaborators

at the MLCB 2020 conference [98] and was later deposited on a pre-print server [97].
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Chapter 2

BACKGROUND AND RELATED WORK

This chapter introduces the relevant background and related computational methods nec-

essary to understand the context of this work. The first section provides a brief review of

the mechanism and regulation of Alternative Polyadenylation (APA), which is the major

gene-regulatory phenomenon studied in Chapter 3 and for which we developed an accurate

predictive model based on deep learning [17]. The next section briefly introduces the concept

of Massively Parallel Reporter Assays – the experimental method relied upon to collect large

volumes of measured, synthetic APA events for training. This is followed by a review of

earlier work in using machine learning models based on deep learning for predicting gene-

regulatory sequences. We will then go over various methods and generative models that have

been used for molecular sequence design prior to the design methods presented in Chapter

4 and 5 [100, 96]. Finally, we will review earlier work in mask -based interpretation methods

for neural networks, which is the foundation that the attribution framework developed in

Chapter 6 is based on [97].

2.1 Alternative Polyadenylation

2.1.1 The Mechanism of Polyadenylation

Polyadenylation is a modification of recently transcribed, premature, RNA where the tran-

script is cleaved at some position – polyadenylation mainly occurs in the 3’ unstranslated

region (3’ UTR) but intronic or exonic polyadenylation is also possible – and a tail consist-

ing solely of adenine-bases (’A’) is attached. This adenine-tail is often called the polyA-tail.

Most protein-coding genes in eukaryotic cells are polyadenylated [43]. Polyadenylation plays

an important role in certain cellular processes, including mRNA-export from the nucleus and
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protection from degradation [58, 33]. Also, as detailed below, it can change the characteristics

and regulation of mRNA depending on where the transcript is polyadenylated. The overall

sequence signal recognized by the 3’-end processing machinery is called the polyadenylation

signal (PAS). A 3’ UTR PAS is depicted in Figure 2.1 below.

Figure 2.1: Illustration of a 3’ UTR Polyadenylation Signal.

The basic mechanism of polyadenylation is summarized from Colgan & Manley’s extensive

article (Genes & Development, 1997) on the process [32]: The first stage of polyadenylation,

cleavage, starts with the enzyme Cleavage and Polyadenylation Specificity Factor (CPSF)

binding to a specific hexamer at the premature transcript, which we here refer to as the

central sequence element (CSE). The canonical form of the CSE is AAUAAA, although more

than 10 sequence variants are known [10]. The protein Cleavage Stimulation Factor (CSTF)

binds to a GU-rich sequence motif downstream of CPSF (downstream sequence elements;

DSE). Similarly, the protein Cleavage Factor I (CFI) binds to UGUA-motifs upstream of

CPSF (upstream sequence elements; USE) [19]. The assembled polyadenylation machinery

cleaves the transcript between the CSE and the DSE (approximately 15-30 nt downstream of

CSE). As cleavage occurs, Polyadenylation Polymerase (PAP) starts building the polyA-tail

by appending adenine-bases up to a maximum length of approximately 250 nt.

2.1.2 The Extent and Regulation of Alternative Polyadenylation

Research conducted in the last two decades has discovered that most genes in eukaryotic cells

have more than one cleavage- and polyadenylation site and thus are alternatively polyadeny-
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lated (APA). By analyzing large expressed sequence tag (EST) databases containing infor-

mation on expressed transcripts, researchers in 2005 showed that about 54% of human genes

have multiple polyadenylation sites [153]. In more recent years, studies conducted using

RNA-sequencing techniques to analyze gene expression have increased this estimate to ap-

proximately 70% [137, 42]. Four categories are often used to group different types of APA

events [43]. They are:

Figure 2.2: Tandem 3’ UTR APA resulting in either a proximal and distal isoform.

1. Tandem 3’ UTR APA: The alternative polyA-sites are both located in the 3’ UTR.

This means alternate cleavage will only affect the length of the 3’ UTR, which may or

may not affect which regulatory elements like microRNA are kept in the UTR.

2. Alternative terminal exon APA: Cleavage at the proximal PAS removes part of

the last protein-coding exon.

3. Intronic APA: Cleavage at a proximal intronic PAS removes one or more downstream

protein-coding exons.

4. Internal exon APA: The proximal PAS is located within one of the non-final exons

and removes multiple downstream coding exons.
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The categories are ordered by relative frequency. The first category, which only affects the

3’ UTR, is the most prevalent form [43]. A 3’ UTR APA event is illustrated in Figure 2.2.

The regulation of APA has been studied extensively in the last few years and various

mechanisms have been found to influence the choice of polyA-site [54, 154]. For example, a

study on embryonic development of mice found strong correlation between long 3’ UTRs and

low expression levels of polyadenylation trans-factors (CPSF, CSTF etc.) [72]. When the

expression levels of these proteins increased, 3’ UTRs generally decreased in length. Other

studies suggest a correlation between the separation of consecutive polyA-sites and choosing

the proximal PAS [120]. Since the proximal PAS is visited first by RNA Polymerase, it is

believed to have a better chance of being chosen if the distal site is far away.

Numerous RNA-binding proteins (RBPs) have also been shown to regulate the choice of

APA site. For example, some RBPs act repressive on proximal PAS selection by binding

close to the CSE and as a result most likely physically blocking polyadenylation. One such

protein is Polyadenylation Binding Protein Nuclear 1 (PABPN1), which has been found to

contribute to human genetic disorders when its binding motif near APA sites is altered by

mutation [71]. Another example is ELAV from Drosophila melanogaster. Human analogs to

this protein have been shown to act repressively on proximal PAS selection [65]. In contrast,

activating or promoting properties by proteins for choosing a proximal site have also been

discovered. For example, Cytoplasmic Polyadenylation Element Binding Protein 1 (CPEB1)

binds near proximal polyA-sites and recruits 3’-end processing machinery in order to increase

polyadenylation efficiency [9]. Finally, secondary structures such as the formation of hairpin

loops in the DSE have recently been found to influence the cleavage position within a PAS

[162].

2.1.3 Alternative Polyadenylation and Disease

While most cis-regulatory elements are well-characterized individually, prior to the work

presented in Chapter 3 on training a predictive model of APA, there were very few (if

any) models in place for quantitatively scoring the net strength of a candidate PAS given
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only its sequence as input. Being able to accurately score sequences is of particular impor-

tance in the context interpreting genetic variants and assessing their impact on APA, as

many polyadenylation-disrupting variants have been implicated in disease [39, 13, 161, 147].

Most well-characterized variants interfere with APA by altering the CSE. However, cryptic

pathogenic variants found in the DSE are also prevalent [109, 163].

2.2 Massively Parallel Reporter Assays

The experimental data collection method employed in our study of APA was based on Mas-

sively Parallel Reporter Assays (MPRAs). Before MPRAs, experiments that were intended

to measure the effect or function of a set of biological sequences had to be performed in low-

throughput, usually by measuring each sequence separately per experiment. Patwardhan et

al. (2009) introduced one of the first MPRAs by successfully measuring the activity level of

every single nucleotide variant of a promoter in a single experiment [118]. Since then, many

MPRA-style experiments have been done to measure the impact of genetic variants on gene

expression [110, 135, 142, 160, 46, 108].

Many MPRAs use molecular counts obtained from DNA- and RNA sequencing as a proxy

for the true experimental read-out they want to measure. To that end, they rely on next-

generation sequencing technologies to collect these count measurements in high-throughput.

For example, the STARR-Seq protocol measures DNA- and RNA counts of plasmid reporters

in order to approximate enhancer activity by RNA expression fold change [7]. There are

even a number of MPRAs for quantifying Alternative Polyadenylation by 3’-end sequencing

of RNA transcripts [136, 69, 42, 106]. These protocols use a poly-T primer to attach to the

start of the polyA-tail and perform reverse transcription, after which the double-stranded

products are sequenced and the resulting RNA isoforms can be counted.

MPRAs based on RNA-Seq have also been developed for large-scale measurements of

randomized mini-gene reporters, where the goal is to study a gene-regulatory mechanism in

isolation by targeted variation introduced in the regulatory region of interest. For example,

Rosenberg et al. (2015) measured hundreds of thousands of splicing variants by randomizing
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regions around the splice junctions of a plasmid reporter and measuring isoform abundance

by sequencing [129]. More recently, RNA-Seq in combination with polysome profiling has

been used to measure 5’ UTR translational efficiency in high-throughput [130].

2.3 Sequence-Predictive Machine Learning Models in Biology

Deep Neural Networks are becoming increasingly popular for biological sequence prediction

problems. In recent years, these models have been applied with overwhelming success to

a diverse set of biological domains, such as predicting Transcription Factor (TF) binding

[1, 44, 114, 8], chromatin modification and accessibility [173], RNA processing [6, 28, 68, 95],

regulation of translation [130] and even protein structure prediction [133, 167]. Part of what

makes neural networks popular is their ability to learn complex relationships from large

datasets without requiring much tuning. This increased flexibility often results in more

accurate predictions than other machine learning models.

Figure 2.3: A typical Convolutional Neural Network architecture.

A number of different deep learning architectures have been employed to predict gene-

regulatory function from native high-throughput sequence data. For example, Zhou et al.

(2015) trained a ’classic’ convolutional neural network (CNN; example architecture given in
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Figure 2.3) consisting of convolutional layers, pooling layers and dense fully connected layers

to predict TF binding, DNA accessibility and chromatin modifications from ChIP-Seq and

DNAse Hypersensitivity data [173]. Another network architecture based on dilated residual

blocks [63] trained on ChIP-Seq data could predict TF peaks at nucleotide-resolution [8],

providing finer-granularity predictions and interpretations than earlier models. See Figure

2.4 for a typical residual network architecture with dilated convolutions. This type of network

has also been used to learn splicing from native RNA-Seq data and was shown to improve

variant prediction compared to previous models [68]. Neural network models trained on

native 3’-sequencing data have even been employed for APA prediction [91, 6, 95]. Some

of these studies report anecdotal evidence of accurate APA variant prediction, yet rigorous

benchmarks of variant prediction performance remains to be done.

Figure 2.4: A Residual Neural Network architecture with dilated convolutions.
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Lately, a number of models have been trained on synthetic MPRA datasets to learn about

gene-regulatory functions in isolation (as compared to native data where there could be

confounding effects from variation in other regulatory elements). For example, convolutional

neural networks have been trained on gene enhancer MPRA data to predict transcriptional

activity [114]. Another model was used to learn 5’ UTR translational efficiency from ribosome

loading MPRA data [130].

2.4 Sequence Designs Methods and Generative Sequence Models

This section gives an overview of current sequence design methods; it describes their basic

theory, applications they have been demonstrated on and the broader context into which they

fit. These methods are classified into four classes: (1) Methods based on discrete search, (2)

methods based on activation maximization, (3) forward-sampling of generative models and

(4) iterated forward-sampling of generative models. The first two classes describe model-free

per-sequence optimization algorithms. The latter two describe parametric generative models.

2.4.1 Methods Based on Discrete Search

A wide selection of discrete search algorithms and meta-heuristics have been applied to

computational sequence design. We will assume access to a sequence-predictive fitness model

P(x) ∈ R, and the task is to maximize the predicted fitness P(x) ∈ R by tuning the input

sequence x:

max
x
P(x) (2.1)

A simple randomized search algorithm was used in [130] to design maximally transla-

tionally efficient 5’ UTR sequences. Given an intial start sequence x, at each iteration the

algorithm mutates either 1 or 2 randomly chosen nucleotides, resulting in a new candidate

sequence x′. x′ is only accepted if P(x′) > P(x). Because of the greedy selection criteria,

this method can not overcome any local minimum wider than 2 nucleotide substitutions.
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To cross such a minimum, we would have to simultaneously make 3 mutations. Of course,

increasing the number of simultaneous mutations vastly expands the search space.

Many different heuristics have been proposed to improve the performance of discrete

search methods. Common to all heuristics, the goal is to minimize the risk of getting stuck

in local minima while keeping the search space reasonably small. For example, design meth-

ods based on Genetic Algorithms [41] use the same basic mutation- and selection criteria

as above. The difference is that such methods maintain a larger set of sequences which

are optimized simultaneously. Genetic algorithms heuristically re-combine these sequences

during optimization in order to provide sequence changes which are likely to raise fitness

while altering many nucleotides at once (thus increasing the chance of jumping out of the

current minimum). More complex heuristics such as Particle Swarms and Ant Colonies have

been applied extensively to the design of DNA strand displacement sequences [164, 67, 115].

While these methods use different mechanisms for re-combination and selection compared

to genetic algorithms, they too rely on maintaining a diverse pool of candidate sequences.

Figure 2.5: Simulated Annealing heuristic for optimizing a DNA sequence.

Another well-known meta heuristic for sequence design is Simulated Annealing (Figure

2.5) [83, 62]. In Simulated Annealing, we generally make a small number of simultaneous mu-

tations at each iteration (keeping the search graph small). However, mutations are accepted
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even if they result in lower fitness with probability P (x′,x, T ), where T is a temperature

parameter that is decrementally lowered as optimization progresses. P (x′,x, T ) is usually

chosen to be the Metropolis acceptance criterion [111]:

P (x′,x, T ) = e−(P(x)−P(x′))/T

2.4.2 Methods Based on Activation Maximization

As an alternative to discrete nucleotide-swapping heuristics, gradient-based methods (or

activation maximization) directly optimize sequences x for maximal fitness by gradient ascent

through a neural network fitness predictor P . Assuming P is differentiable, we can compute

the gradient ∇xP(x) with respect to the input and optimize x by updating the variable in

the direction of the fitness gradient [139]:

x(t+1) ← x(t) + η · ∇xP(x) (2.2)

However, sequences are usually represented as one-hot coded patterns (x ∈ {0, 1}N×M ,

where N is the sequence length and M the number of channels), and discrete variables

cannot be directly optimized by gradient ascent. Several different reparameterizations of x

have been proposed to bypass this issue. In one of the earliest implementations, Lanchantin

et al. (2016) represented the sequence as an unstructured, real-valued pattern (x ∈ RN×M)

but imposed an L2-penalty on x in order to keep it from growing too large and causing

predictor pathologies [86]:

max
x
P(x)− 1

2
λ · ‖x‖2

2 (2.3)

Lanchantin et al. used this method to visualize maximally strong transcription factor

binding motifs learned from ChiP-Seq data. Killoran et al. (2017) later introduced a softmax

reparameterization, turning x into a continuous relaxation σ(l) (Figure 2.6) [80]:

σ(l)ij =
elij∑4
k=1 e

lik
(2.4)
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Here lij ∈ R are differentiable nucleotide logits. The gradient of σ(l) with respect to l is

defined as:

∂σ(l)ij
∂lik

= σ(l)ik · (1(j=k) − σ(l)ij) (2.5)

Given Equation 2.4 and 2.5, we can maximize P(σ(l)) with respect to the logits l by gradient

ascent:

max
l
P(σ(l)) (2.6)

Figure 2.6: Softmax-relaxed Activation Maximization for optimizing a DNA sequence.

Gradient-based optimization has a clear advantage in comparison to the discrete search

methods described in the previous section: Activation maximization makes stepwise local im-

provements to all nucleotides at once based on a gradient direction, rather than heuristically

making a small number of changes and evaluating the effect afterwards. As a consequence,

gradient-based methods do not necessarily require more iterations for longer sequences or

for design problems where we need to make many simultaneous nucleotide substitutions to

cross boundaries of minima.

The method has also been used to indirectly optimize sequences with respect to a fitness

predictor by traversing a pre-trained generative model and iteratively updating its latent

input [80]. In this setting, it is still a per-sequence optimization method that has to be re-

initialized and executed again for each sequence to design. However, now the optimization

is performed on the latent variable z, which is used as input to a pre-trained (differentiable)

generator G to sample sequence x, i.e. x = G(z). A similar method was developed by [61].
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However, instead of training the manifold model G and the fitness predictor P separately,

they jointly trained them. In this instance, G was a variational autoencoder (VAE), which

allowed the predictor P to be fit directly on the latent space rather than on decoded sequence

patterns as in [80].

2.4.3 Forward-Sampling of Generative Models

Motivated by the efficiency of parametric generative models for other types of high-dimensional

data, a number of generative neural networks from the computer vision and language do-

mains have been adapted to molecular sequence design. What is common to all these models

is that they are unsupervised and distribution-capturing; they learn to encode the same input

distribution as the training set. However, they cannot be directly conditioned to generate

maximally fit sequences. To utilize these models for sequence optimization, a large candidate

set of sequences {xnew} has to be sampled from the generative model G and ranked based

on P (outlined in Algorithm 1).

Algorithm 1 Obtain optimized sequence set {xoptimized}, given a generator G, training data

{xdata}, a predictor P and a target number s of optimized sequences.

G ← Train({xdata})

{xnew} ← Generate(G)

{xoptimized} ← Select-Best(P , {xnew}, s)

For example, Autoregressive Neural Networks have been trained on immune repertoire

data to generate de novo antibodies [127]. An autoregressive network R is trained to auto-

encode the input pattern x, but uses internal masking to make the prediction of xj+1 only

depend on x1 to xj [53]. For sequences where x ∈ {0, 1}N×M , the autoregressive network

R outputs a matrix of logits R(x) ∈ RL×M which, after applying softmax (Equation 2.4),

encodes a probability distribution of the reconstructed sequence. The network is trained

to minimize a reconstruction loss with respect to training sequences. After training, new
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patterns x are generated by sampling the first nucleotide from the predicted distribution

σ(R(x)1), followed by sampling of xj+1 from σ(R(x)j+1), where x1, ..., xj have been filled

in with the previously sampled nucleotides.

Similarly, Variational Autoencoders (VAEs) have been used to generate new stably folding

protein sequences [34]. A VAE consists of two networks, an encoder E and a decoderD. Given

a one hot-coded input sequence x ∈ {0, 1}L×M , the encoder E outputs two vectors - a mean

and a variance µ, ε ∈ Rd. The decoder D reconstructs x by outputting a softmax relaxation

σ(D(z)) given a latent vector z ∼ N (µ, ε) as input. The VAE is trained end-to-end to

minimize a cross-entropy reconstruction loss and a KL-divergence loss to force z to follow

N (0, 1)D [82]. New sequence patterns can be generated from the decoder D by randomly

sampling latent vectors z ∼ N (0, 1)D and decoding them into sequences x = σ(D(z)).

Beyond regular VAEs, conditional VAEs have been demonstrated on the task of designing

novel protein sequences by providing an encoding of a target fold as input alongside the

latent seed [56].

Figure 2.7: Training and Forward-Sampling of a Sequence-GAN.
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Finally, Generative Adversarial Networks (GANs) have previously been used to design

new, functionally equivalent enzymes [125]. GANs have also been used to design promoter

sequences in E. Coli [158]. A GAN G is trained to minimize some cost C(D(data),D(G(z)))

such that an adversarial discriminator D can not distinguish between the real data and

the distribution generated by G [55]. After training, G can be used to directly sample new

sequence patterns x = G(z) by randomly sampling new seeds z ∈ N (0, 1). An illustration

of the training- and sampling procedure of a GAN for DNA design is shown in Figure 2.7.

These generative models are distribution-capturing and thus support diverse sequence

generation, as they naturally encode the same amount of entropy as was found in the training

data. However, they do not take advantage of the fitness measurements associated with each

sequence during training. Consequently, finding new high-fitness sequences can be very

inefficient and may require a large number of samples. For example, in [59], the initial GAN

trained on protein sequences from UniProt has a small probability of sampling patterns with

antimicrobial fitness.

2.4.4 Iterated Forward-Sampling of Generative Models

Figure 2.8: Iterated Forward-Sampling of a Generative Model (In-silico Directed Evolution).
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Distribution-capturing generative models have also been combined with in-silico directed

evolution in order to iteratively condition the model on high-fitness sequences. The high-

level method, which is outlined in Algorithm 2, begins by training the generative model G

on an initial data set. The trained model is then used to sample a set of new sequences,

which are ranked and filtered by the fitness predictor P . This optimized set of sequences

is augmented with the original training data, and the generative model is re-trained on the

combined dataset. This cycle is repeated until convergence (Figure 2.8).

This type of algorithm was first used to optimize a GAN for peptide sequences with

antimicrobial properties [59] (Feedback-GANs). The original algorithm used a fixed predicted

fitness threshold to filter the newly generated sequences at each training cycle, and the

augmented training set was kept at a fixed size, throwing out the oldest sequences first.

Algorithm 2 Optimize generator G for predictor P , given initial training data {xdata} of

size N and a mixing factor λ of new sequences to include per round.

while G not converged do

G ← Train({xdata})

{xnew} ← Generate(G)

{xoptimized} ← Select-Best(P , {xnew}, λ ·N)

{xdata} ← {xdata}(1−λ)·N
i=1 ∪ {xoptimized}λ·Ni=1

end while

Brookes et al. (2019) later proposed an improved design method, Conditioning by Adap-

tive Sampling (CbAS) [18]. The method extends directed evolution of generative models by

explicitly maintaining the marginal likelihood pD(x) of generated sequences x with respect

to the original dataset Dorig, restricting G from drifting towards low-confidence regions in

design space. Given a generative model capable of estimating pD(x), CbAS initially trains

the generator G on the original data Dorig and samples a new dataset Dnew = {xnew} using

the same selection mechanism as in Algorithm 2. However, instead of treating each sampled

sequence equally, the CbAS method re-weighs each sample x based on the likelihood ratio
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pDorig
(x)/pDnew(x) and on a confidence measure of P(x). Intuitively, if a newly generated

sequence pattern is unlikely to be from the original dataset Dorig, or if the predictor is not

confident in that regime of design space, the sample is down-weighted.

Directed evolution solves the issues with sampling inefficiency highlighted in the previous

section; after each cycle, the input distribution captured by the generative model will shift

slightly towards a basin with high fitness score. However, it is not entirely clear how well

methods based on directed evolution maintain sequence diversity in the generator.

2.5 Mask-based Interpretation of Neural Networks

Figure 2.9: A learnable mask is used to preserve only the salient part of an input image.

Given a pre-trained, differentiable predictor P and an input pattern x, feature attribution is

the problem of crafting a set of importance scores s whose magnitudes reflect the contribution

of each input feature on the prediction P(x). Many existing attribution methods for neural

networks rely on local approximation to estimate feature importance [151], either basing their

approximation on the gradients ∂P(x)/∂xi [139, 170, 146, 150, 138, 103] or they train a local

linear model [126]. A related family of methods, gradient-based activation maximization, has

been used for both biological design and visualization [86, 132]. Nonetheless, these methods

are not suitable for attributing the importance of an existing input pattern. Instead, they
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find de novo sequence patterns that exhibit some important property learned by the predictor

(e.g. maximizing input examples).

An entirely different approach to feature attributions was proposed simultaneously by

Fong et al., (2017) and Dabkowski et al. (2017) [49, 38], where the objective is learn an

input mask which either includes or excludes the smallest set of features such that the orig-

inal prediction made by the neural network is either maximally reconstructed or maximally

destroyed (Figure 2.9). Dabkowski et al. coined these two dual salient feature sets the

Smallest Sufficient Region (SSR) and Smallest Destroying Region (SDR) respectively. By

definition, a mask that fulfills its optimization objective overcomes issues inherent to local

perturbation methods such as saturation artifacts. Masking methods were first developed

in the context of computer vision [49, 48, 38], where the input images are masked by either

fading or blurring. Similarly, feature selection methods based on masking for discrete input

variables learn to retain a small set of features by either zeroing out unimportant dimensions,

replacing them with a mean value or replacing them with counterfactual generated values

[26, 169, 22, 21, 24].
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Chapter 3

PREDICTING ALTERNATIVE POLYADENYLATION

Alternative Polyadenylation (APA) in the 3’ UTR is a major driver of human tran-

scriptome diversity by generating multiple RNA isoforms with distinct 3’ UTR lengths.

Even though individual regulators governing APA is well-characterized, we lack an accurate

quantitative model for the cis-regulatory APA code. This hinders our ability to engineer

polyadenylation signals for synthetic biology or to predict the impact of genetic variants.

This chapter introduces a neural network for predicting APA from DNA sequence alone. The

model (APARENT, APA REgression NeT) was trained on isoform expression data from over

3 million APA reporters. APARENT’s predictions were highly accurate when tasked with

inferring APA in synthetic and human 3’ UTRs. This work was published in [17] in 2019

with myself and Dr. Nicholas Bogard as co-first authors. The majority of content presented

here is from that publication.

3.1 An MPRA for 3’ UTR APA

A set of minigene libraries totaling > 3 million unique 3’ UTRs – each harboring a synthetic

polyadenylation signal (PAS) – was constructed and assayed in a human cell-line (Figure

3.1). The entire experimental workflow was done by Dr. Nicholas Bogard of Seelig Lab.

Figure 3.1: Minigene reporters are cloned from degenerate oligos and transiently transfected
in human cell culture where they are expressed, alternatively polyadenylated and sequenced.
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Each 3’ UTR library expressed multiple PASs in a unique context—10 libraries were

derived from seven different human 3’UTRs but with USE and DSE regions replaced by

randomized sequence; another 2 libraries were fully degenerate, with either a canonical (AW-

TAAA) or doped (95% A, 2% G/C, 3% T) CSE (Figure 3.2). In addition to a randomized

library, upstream of a distal bGH PAS, a reporter library was cloned with 1,085 PASs from

the human genome. The 1,085 PASs came from a total of 817 genes and constitute the

complete set of all PASs in the ClinVar database with at least one annotated variant. To

quantify isoform expression, the libraries were transiently transfected into HEK293 cells and

the expressed RNA was extracted and sequenced. In total, isoform expression data was col-

lected for 3, 372, 030 unique reporters with an average of 39 reads per reporter for random

libraries and over 4, 000 reads per native human APA reporter. In addition, we were able

to map exact cleavage-position counts for all libraries except Alien2 (due to poor read qual-

ity). 53% of reads mapped to proximal isoforms and 28% mapped to distal isoforms. The

remaining reads (19%) mapped to de novo PASs in the degenerate regions.

Figure 3.2: Multiple libraries that vary in structure and 3’UTR context (human is italicized;
CSE sequence is denoted in legend; thick black bar, plasmid; thin, native sequence).
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3.2 A Neural Network for Predicting 3’ Cleavage and Polyadenylation

We then trained a deep neural network (DNN), APARENT, on this large synthetic dataset

to predict the proximal APA isoform proportion of each variant UTR given its sequence

as input. Assuming that competing PASs are independently and identically regulated when

they do not physically overlap, the DNN will learn a general model of APA from the minigene

libraries even though only the proximal PAS was randomized. We used 95% of the data from

9 out of 13 libraries for training (∼2.4 million variants), 2% for validation (∼50,000 variants)

and 3% for testing (∼80,000). Four libraries (including the 1, 085 human reference PASs)

were held out entirely for independent testing. The best-performing model architecture

consisted of two convolutional layers (70 filters of width 8 in layer 1 and 110 filters of width

6 in layer 2) interlaced with a maxpooling layer (2x pool size), a fully connected layer (80

hidden units, 0.2 dropout rate), and a logistic regression output node (Figure 3.3, left).

Figure 3.3: Left: APARENT takes a 1-Hot-coded PAS sequence as input to predict %
proximal isoform. Right: Predicted vs. observed proximal isoform log odds of the test set.
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Given the training data D = {x(i), y(i)}Ni=1, where x ∈ {0, 1}185×4 is a one-hot encoded

representation of the proximal (degenerate) polyadenylation signal and y ∈ [0, 1] is the

measured proximal isoform proportion, we trained APARENT to minimize the mean KL-

divergence between targets y(i) and the predicted isoform proportions ŷ(i) = P(x(i)) (Equa-

tion 3.1; P is the neural network). We trained APARENT by mini-batch gradient descent

until the validation error started to increase.

Ltrain({x(i), y(i)}Ni=1) =
1

N

N∑
i=1

y(i) · log
(y(i)

ŷ(i)

)
+ (1− y(i)) · log

(1− y(i)

1− ŷ(i)

)
(3.1)

To evaluate APARENT, we tested its ability to infer the proportion (log odds) of proximal

isoform expression (isoform use). The DNN could accurately predict the isoform use of the

combined test set (R2 = 0.88; Figure 3.3, right). Next, we asked whether APARENT could

generalize to entirely new UTR contexts. First, we predicted proximal isoform use of the

three held-out libraries (HSPE1, SNHG6, and WHAMMP2). The predictions had a mean

correlation and error comparable to the trained-on libraries (mean library R2 = 0.58, Figure

3.4, right). Second, we evaluated APARENT’s performance on the fully held-out library of

> 1, 000 reference human PASs. APARENT performed remarkably well (R2 = 0.69, Figure

2D), confirming that the model generalizes from completely random to naturally occurring

human 3’ UTRs.

Figure 3.4: Predicted vs. observed proximal use on held-out random libraries and on the
held-out native human PAS library.
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Since RNA-seq provides information about the precise cut position, we investigated

whether APARENT could be trained to predict the probability of cleavage occurring at

any given nucleotide position. To directly learn the cleavage distribution for each PAS, we

used a DNN almost identical to the isoform-based model but with a final network layer that

outputs a categorical probability distribution of cleavage at any position across the sequence

(Figure 3.5, left; a 186-way softmax output layer is used). To train this network, we mini-

mized the mean KL-divergence between measured cleavage distributions y(i) ∈ [0, 1]186 and

predicted distributions ŷ(i) = P(xi) (Equation 3.2). The last position in the target vectors

(y
(i)
186) corresponded to the total isoform proportion (cumulative cleavage) of the distal PAS.

However, since exact cleavage positions were missing for a subset of MPRA sub-libraries, we

instead minimized the original isoform proportion loss for those sequences.

Ltrain({x(i), y(i)}Ni=1) =
1

N

N∑
i=1

186∑
k=1

y
(i)
k · log

(y(i)
k

ŷ
(i)
k

)
(3.2)

Figure 3.5: Left: APARENT’s output layer predicts the probability of cleavage at each
nucleotide. Right: Average predicted cut position on the Alien1 test set (x-axis). The y-axis
sorts each sequence according to the observed cut position.
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We evaluated this version of APARENT in two ways. First, we compared the predicted

mean cut position with the observed mean position of every test set sequence (Figure 3.5,

right). The two quantities correlated well (R2 = 0.82 for library Alien1, R2 = 0.55 for the

held-out WHAMMP2 library). Second, we compared the area under the proximal region of

the predicted cleavage curve, which corresponds to isoform abundance, against the previously

predicted proximal proportions from the isoform-based network. The two predictions showed

strong agreement (R2 = 0.95).

3.3 Visualizing Learned cis-Regulatory Biology

Figure 3.6: RBP motif logos and per-position effects (Pearson’s r between filter activation
and proximal use) learned in the first and second convolutional layers. Layer 2 filters are
shown with their proposed effector interactions.

To visualize sequence determinants of PAS preference learned in the first convolutional layer,

we generated consensus sequence logos which represented each filter’s maximal activation [1]

(Figure 3.6, left). Specifically, for filter k, the 5,000 input subsequences s
(i)
j:j+8 of the test set

that resulted in maximal filter activation max1≤i≤N,1≤j≤178a
(i)
k,j were stacked into a position

weight matrix (PWM) and used to generate a sequence logo for each filter. By purposefully



31

biasing the selection of sequences to be maximally activating examples, the consensus logos

effectively visualized the canonical form of the motif learned by each filter. The position-

specific effect that the k:th filter had on PAS usage was quantified by measuring the pearson

correlation between activations {a(i)
k,j}Ni=1 and isoform use {y(i)}Ni=1 at each position j across

the PAS [37]. We cross-referenced the PWMs with published binding data, as well as the

Compendium of RNA Binding Protein motifs [124], using the Tomtom comparison tool [60],

and we surveyed the top-scoring results for APA mediators.

We identified motifs matching known binding sites for all components of the core polyA

machinery, including the CstF [23, 149] and CFIm25 binding motifs [107, 174], and the

motif recognized by hFip1 – a subunit of CPSF [76, 106]. Importantly, the position-specific

enhancing or suppressing effect assigned to each filter by APARENT is consistent with the

known preferred binding position of its matched RBP.

Next, we generalized the method of [1, 37] to visualize features learned in the second

layer. By estimating PWMs and position-dependent effects from sequences that give rise

to maximal filter activations in the second layer (using the same method of accumulating

maximally activating samples from the test set), we captured longer motifs or combinations of

short motifs (Figure 3.6, right). Combinatorial effects of cis-elements have been suggested in

earlier bioinformatics studies of PASs [29]. Filters that capture known motif interactions align

well with the current understanding of APA regulation. For example, APARENT identifies

the core hexamer AATAAA in combination with a downstream polyT motif to upregulate

selection compared to the average effect of AATAAA, reflecting known interactions with

hFip1 [76]. We also found novel motif interactions with strong net effect sizes. One of

these filters is sensitive to a “multi-CSE” consisting of two overlapping canonical hexamers

forming the 10-mer AAWAAAWAAA, estimated to substantially increase proximal selection

compared to a single AATAAA.

Similarly, we could extend the above analysis to visualize determinants of cleavage sites.

For the cleavage-based APARENT network, the model now outputs 186 cleavage probabilities

rather than one single isoform probability. As such, each layer 1 filter activation at every
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position was recorded and correlated with the magnitude of cleavage at every other position,

resulting in set of two-dimensional plots that, together with their consensus sequence logos

(which again were generated by accumulating maximally activating subsequences into a

PWM), describe the regulatory impact of each filter motif on every cleavage site as a function

of position (Figure 3.7).

Figure 3.7: Selection of layer 1 filters validating known and newly discovered cleavage de-
terminants. Each plot measures correlation between a filter activating at a certain position
and cleavage occurring at some other position.

Consistent with earlier studies, the DNN filter heatmap characterizes the CA dinucleotide

as the most favorable substrate for cleavage [42] (Figure 3.7, top). However, TA and GA

are also identified as functional, albeit weaker, cleavage sites [25, 94] (Figure 3.7, middle).

Beyond cut site dinucleotides, polyT motifs were found to be highly effective cleavage site

regulators; polyT preceding a cut site enhances its usage (Figure 3.7, bottom).

When visualizing higher-layer features, we cannot resort to simply sampling the data (as

we did for visualizing motifs in the first and second layer), because the very long length
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of the total receptive field of dense layer neurons (186 nt) makes it unlikely that we would

find maximally activating examples by chance. Instead, we developed a sequence optimiza-

tion method based on gradient ascent (or activation maximization, AM) for visualization of

higher-layer features in a DeepDream-style procedure whereby dense neurons are maximized

by gradient ascent [116] (Figure 3.8, left). This optimization method will be covered in

great detail in Chapter 4. In summary, we randomly initialize a matrix of nucleotide logits

l ∈ R185×4, which represents the PWM (Position Weight Matrix) of a sequence distribution,

that we optimize according to Equation 2.1-4.1 (see Section 2.4.2) in order to maximize the

activation a(δ(l))j of a particular neuron j in the network. Here δ is a link function that

transforms l into a suitable representation (in Section 2.4.2 this link function was the softmax

σ, but in Chapter 4 we will introduce a more appropriate stochastic sampler that was used

here). To visualize the canonical sequence of each neuron in the dense layer, we randomly

initialized and optimized 50 patterns l by AM. The consensus sequences of these optimized

patterns were collapsed into a PWM, resulting in a sequence logo for each neuron.

Figure 3.8: Gradient-based optimization performed on 50 random start sequences which
maximize the activation of a particular dense neuron. The generated sequences are stacked
into a PWM for each neuron (average predicted isoform use annotated).

As shown in Figure 3.8 (right), these sequence logos combine functional motifs identified

in lower layers and describe global sequence determinants of PAS strength. The neurons

specialize on different sequence subspaces, where G- and GC-rich sites are much less favored

compared to sequences containing various conserved T- and GT-rich motifs.
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3.4 Predicting Variants of APA in the Human Genome

Nucleotide variants near PASs in human 3’ UTRs have been implicated in genetic disease,

including IPEX syndrome, Thrombophilia, and Alpha and Beta Thalassaemia. Most disease-

implicated APA variants identified so far act by disrupting the CSE hexamer [13, 52, 64].

While a number of cryptic pathogenic variants have been identified in the USE and DSE,

it is largely unknown how many high-impact non-CSE mutations exist in disease-implicated

PASs. Using APARENT, we set out to characterize the frequency and complexity of cryptic

APA variants across the human genome. We curated and synthesized > 1, 000 ClinVar vari-

ants – SNVs and InDels linked to medical phenotypes [88] – occurring within 50 nt upstream

and 100 nt downstream of an annotated PAS, as well as > 10, 000 variants from satura-

tion mutagenesis of PASs in disease-implicated UTRs (ACMG, ClinVar, HGMD, Figure 3.9)

[73, 89, 87, 148].

Figure 3.9: MPRA for measuring APA variants from ClinVar, HGMD, and ACMG genes.

The curated wildtype- and variant PASs were synthesized in a custom oligo array with

50 nt of USE sequence and 107 nt of DSE sequence from the original UTR context. To

robustly identify variants after sequencing, we included 20 nt random barcodes 70 nt up-

stream of the CSE. To average out barcode effects, we synthesized 5 replicates per sequence

with unique barcodes. The PASs were inserted into 3’ UTR reporters upstream of a distal

PAS, expressed in HEK293 cells on plasmids, and their APA profiles were measured by 3’

sequencing. The array was experimentally replicated twice with identical barcodes. The
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measured APA estimates agreed well among replicates with distinct barcodes, with almost

perfect correlation between sequences with identical barcodes measured in the two separate

experimental replicates (R2 = 0.98). The average read count for each PAS (pooled across

barcode replicates) was more than 4, 000.

Next, we estimated the log odds ratio (log fold change) LOR(ywt, yvar) of each variant’s

isoform abundance yvar with respect to the wildtype abundance ywt (Equation 3.3) and

evaluated to what extent APARENT’s predicted log-fold changes LOR(ŷwt, ŷvar) agreed.

LOR(ywt, yvar) = log

(
yvar/(1− yvar)

ywt/(1− ywt)

)
(3.3)

The model predictions agreed well with the measured fold changes of variant isoforms and

could accurately classify the direction of change (Figure 3.10; R2 = 0.64, correctly predicted

direction = 90.3% for CSE and non-CSE variants, R2 = 0.51, correctly predicted direction =

88.2% for non-CSE variants only). Of the 12, 348 measured variants, 757 non-CSE variants

resulted in at least a 2-fold change in isoform abundance. The occurrence rate of such

variants was about 3.7% in the USE and 8.7% in the DSE.

Figure 3.10: Measured isoform fold changes of all variants (y-axis). The x-axis denotes PAS
position. The color indicates predicted fold change (blue/red = -/+ log odds ratio).

We then studied the composition of known pathogenic PASs through experimental and

computational saturation mutagenesis (Figure 3.11). The TP53 1175A>C mutation trans-

forms the canonical CSE AATAAA into the weaker AATACA and has been implicated in
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basal cell carcinoma [147]. We identified two important regulatory regions in the DSE: the

CstF binding site TGT[C/G]T and an HNRNPH binding site. We also find an SNV in

the DSE that results in a 9-fold isoform change, as it interferes with CstF binding and cut

site secondary structure. The PAS contains two additional annotated ClinVar variants, a

benign variant 1422G¿C further downstream in the DSE and a VUS 1160T>G in the USE,

both of which are predicted and measured to have negligible effects. Given that basal cell

carcinoma is caused by APA misregulation in the TP53 UTR, our results suggest there are

many more mutations that could potentially lead to disease (6.0% of USE and DSE variants

are estimated to have at least a 2-fold change). APARENT’s predictions agree well with the

measured fold changes in TP53 (R2 = 0.86 for all variants).

Figure 3.11: Saturation mutagenesis of the TP53 PAS. The heatmaps visualize measured
and predicted isoform fold changes and are annotated with ClinVar variants.

Finally, we evaluated APARENT’s ability to classify disruptive APA variants in compari-

son to related neural network models which have been trained solely on native transcriptomic

data. We first compared to an LSTM-based network, DeeReCT-APA, which predicts relative

isoform abundances for two or more competing polyadenylation signals [95]. This model was

trained on mouse 3’ sequencing data. We also compared APARENT to DeepPASTA, an

ensemble of CNNs which had been trained on 3’ sequencing data from multiple human tissue

to predict relative isoform use [6]. We used the mean prediction from all DeepPASTA models

for the comparison. There was also a single-input PAS predictor model from the DeepPASTA

paper that we evaluated as well. Finally, we tested another APA model that had been trained
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on an MPRA of 3’ UTR PAS activity, PolyApredictor. This model, a CNN, was trained to

predict RNA-to-DNA expression fold changes [141]. To score a particular APA variant using

the DeeReCT-APA or DeepPASTA models, we predicted the wildtype- and variant proximal

isoform abundances when competing with a fixed distal signal (a distal PAS from the training

set), and used these predictions to values isoform odds ratio predictions. We could not use

the (fixed) distal PAS from our dataset, since the models’ input windows extended beyond

the plasmid reporter 3’ UTR. For PolyApredictor, the RNA/DNA fold change predictions

were used to directly approximate the isoform odds ratios.

Figure 3.12: Precision-recall curves for classifying disruptive APA variants. Left: All vari-
ants. Right: Non-CSE variants only.

To label our dataset, we classified any variant as ’disruptive’ if the absolute value of its

isoform odds ratio with respect to the wildtype abundance was larger than 2: Disruptive =

1 if
∣∣ ŷvar/(1−ŷvar)
ŷwt/(1−ŷwt)

∣∣ > 2 else 0. Each model was then tasked with classifying variants as dis-

ruptive or not based on the absolute value of their predicted isoform odds ratios. When

considering all variants in the dataset, the precision-recall curves indicate that all methods

are fairly accurate, with APARENT having a moderately better Average Precision (AP)

(Figure 3.12, left; AP = 0.61). However, many of the disruptive variants occur across the

CSE hexamer, which are quite trivial to classify. When we consider only variants outside

the CSE, the predictive power decreases for all models (Figure 3.12, right). For these more

complex variants, APARENT is significantly more accurate than other models (AP = 0.27).
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3.5 Improved Variant Prediction with Residual Learning

We recently trained an improved APA predictor on a re-processed version of our random

APA MPRA data. Specifically, the original version of the MPRA dataset consisted of 185 nt

long sequences, starting 50 nt upstream of the proximal CSE. However, for some of the sub-

libraries, an additional random barcode was located from 70 to 50 nt upstream of the CSE.

In the re-processed version of the data, we include 20 nt of additional sequence upstream of

the CSE to capture these barcodes. Second, for some of the sub-libraries, the exact cleavage

distributions were not estimated from the RNA-Seq data. Instead, these sub-libraries only

included total proximal-to-distal isoform proportions. We later re-mapped the RNA-Seq

reads to these sub-libraries and augmented the data with the missing cleavage distributions.

Figure 3.13: Residual neural network architecture. A one-hot encoded representation of the
proximal PAS is transformed into a 3’ cleavage distribution.

The network, which is illustrated in Figure 3.13 and is referred to as APARENT-ResNet,

is based on residual blocks of dilated convolutions [63]. Architecturally, the model is similar

to the SpliceAI network [68] as well as other residual network models [8]. Let P be the

APARENT-ResNet model. As input, P receives a one-hot encoded sequence x ∈ {0, 1}205×4,
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which represents the proximal PAS, and a one-hot encoded indicator variable l ∈ {0, 1}13

which indicates the source 3’ UTR context from the MPRA. Internally, P consists of 7

Residual Groups, and each residual group is made up of 4 Residual Blocks. A residual

block consists of two batch-normalized, ReLU-activated one-dimensional convolutional layers

with a specific filter dilation rate. For our particular network, the 7 residual groups use the

following sequence of dilation rates: 1, 2, 4, 8, 4, 2, 1. Between each residual group, there

is a skip connection to the output layer, which mathematically performs an unweighted

element-wise addition. Only x is passed through the series of residual blocks, producing

in the end a single-channel vector of un-normalized cleavage scores s(x) ∈ R206 (Note that

s has one position more than x; this extra position represents the total isoform score of

the distal signal). The library indicator variable l is multiplied with a position-specific

weight vector wj ∈ R13 and linearly combined with s(x), producing new scores ŝ(x, l)j =

s(x)j +
∑13

k=1 wjk · lk which have effectively been scaled with a library-specific intercept.

Finally, P produces a normalized 206-way categorical cleavage distribution ŷ ∈ [0, 1]206 by

applying the softmax transform (Equation 3.4).

ŷj = P(x, l)j =
eŝ(x,l)j∑206
k=1 e

ŝ(x,l)k
(3.4)

All residual blocks in APARENT-ResNet have 32 channels and all convolution filters are 3

positions wide. Note that there is no explicit sigmoid output representing the total proximal

isoform proportion. Rather, the proximal isoform proportion is computed as the sum of

cleavage probability mass 10–40 nt downstream of the start of the proximal CSE (which is

located at position 70): ŷiso =
∑110

j=80 ŷj. We trained APARENT-ResNet with mini-batch

SGD using the Adam optimizer in Keras [30, 81] with default parameters and batch size

= 64. We trained the network for 5 full epochs, after which training was halted by early

stopping. We minimized both the isoform proportion loss and cleavage distribution loss of

Equation 3.1 and 3.2 (the predicted isoform proportions were computed by aggregating a

subset of cleavage softmax outputs).
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Figure 3.14: Precision-recall curves for classifying disruptive APA variants, including
APARENT-ResNet in the comparison. Left: All variants. Right: Non-CSE variants only.

In Figure 3.14, we again test how well each model classifies ’disruptive’ variants based on

their predicted isoform log odds ratios, now including APARENT-ResNet in the benchmark.

When classifying all variants, APARENT-ResNet had moderately better performance than

APARENT (AP = 0.67 compared to 0.61). The performance gap increased further when

considering only non-CSE variants (AP = 0.37 compared to 0.27).

Figure 3.15: Comparison of predicted vs. measured total RNA/DNA log fold change ratios
on the data from [141].

As external validation, we compared the models on how well their predictions correlated

with the RNA/DNA log fold changes measured on the 3’ UTR MPRA from [141]. We

filtered this data to include only sequences that were in the test set of the PolyApredictor

model. We also removed sequences that contained either a stretch of at least 10 consecutive
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A’s, or sequences containing the subsequence ’AGA’ at position 41, as their measurements

seemed to be influenced by artifacts. We also excluded the original APARENT model from

further analysis, as APARENT-ResNet was clearly better on our own data from the previous

benchmark.

We extracted the subset of sequences that were part of a scanning mutagenesis experi-

ment, and matched each variant PAS with their wildtype sequence in order to calculate the

RNA/DNA fold change ratios due to each variant. In figure 3.15, we compare each model’s

predicted log odds ratios (or fold changes) to the measurements. Here, APARENT-ResNet

and PolyApredictor had identical correlations (spearman r = 0.65, n = 442), which was

significantly higher than other models.

Figure 3.16: Comparison of predicted vs. measured cleavage site RNA/DNA log fold change
ratios. Each plot corresponds to mutations of a single gene (UTR).

Finally, we compared APARENT-ResNet and PolyApredictor on the task of predicting

RNA/DNA log fold change ratios due to variants at each wildtype cleavage site of every

native UTR (Figure 3.16). APARENT-ResNet had considerably more accurate cleavage

site predictions (median spearman r = 0.72, total n = 1, 217) than PolyApredictor (me-
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dian spearman r = 0.44). This is an interesting result given that their total RNA/DNA

fold change correlations (from Figure 3.15) were identical. A plausible explanation is that

APARENT-ResNet is better at inferring regulation of polyadenylation (hence the improved

cleavage site predictions), whereas PolyApredictor is better at predicting regulatory effects

of transcript stability (thus increasing its performance on total expression prediction).
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Chapter 4

ENGINEERING DNA- AND PROTEIN SEQUENCES BY
ACTIVATION MAXIMIZATION

This chapter introduces a method for biological sequence design based on gradient ascent,

or Activation Maximization (AM). Part of this work was published in [17] with myself and Dr.

Nicholas Bogard as co-first authors. An updated version of the method has been deposited

to a pre-print server [100] where I was the first author. The majority of content presented

here is from the pre-print paper [100].

4.1 Improved Activation Maximization for Sequence Design

While the gradient-based design method presented in Equation 2.2-2.5 (Section 2.4.2) is el-

egant, there are two issues that significantly limit its utility. First, the gradient in Equation

2.5 becomes vanishingly small for large values of lij (when σ(l)ik ≈ 0 or σ(l)ij ≈ 1), po-

tentially halting convergence. Second, sequence-predictive neural networks have only been

trained on discrete one-hot coded patterns and the predictive power of P may be poor on a

continuous relaxation such as σ(l), in particular at high entropies.

Following advances in gradient estimators for discretized neurons [12, 35], we first devel-

oped a version of the gradient ascent design method replacing the softmax transform σ of

[80] (Equation 2.4) with a discrete, stochastic sampler δ (Equation 4.1). This version of the

algorithm, which we called Stochastic Sequence Backpropagation (or SeqProp), was published

in [17]. The main idea was to remove potential pathologies that result from passing contin-

uous sequence relaxations as input to the predictor. Instead, SeqProp used one-hot-encoded

sequences that were sampled from the (trainable) nucleotide softmax distributions.

δ(l)ij = 1(Zi=j) (4.1)
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In Equation 4.1, Zi ∼ σ(l)i is a randomly drawn nucleotide at the i:th position from the

(softmax) probability distribution σ(l)i. The nucleotide logits lij are thus used as parameters

to N categorical distributions, from which we sample nucleotides {Zi}Ni=1 and construct a

discrete, one-hot coded pattern δ(l) ∈ {0, 1}N×M . While δ(l) is not directly differentiable,

l can be updated based on the estimate of ∇lP(δ(l)) using straight-through (ST) approxi-

mation. Rather than using the original ST estimator of [12], SeqProp adopted an estimator

with theoretically better properties from [31] where the gradient of δ(l)ij was replaced by

that of the softmax σ(l)ij:

∂δ(l)ij
∂lik

=
∂σ(l)ij
∂lik

= σ(l)ik · (1(j=k) − σ(l)ij) (4.2)

Using discrete samples as input to P removes any pathologies from continuous input

relaxations. But, as demonstrated in the next section, the convergence of SeqProp remained

almost as slow as the softmax method. In work following the original SeqProp publication,

we developed an improved version referred to as Fast SeqProp. This method was recently

deposited to a pre-print server [100]. Here, we hypothesized that the main bottleneck of

SeqProp originated from overly large and disproportionally scaled logit parameters l. Fast

Seqprop mitigated this problem by normalizing the logits across positions, i.e. by inserting

a normalization layer between the trainable logits l and the sampling layer δ(l) (Figure 4.1).

Figure 4.1: The Fast SeqProp pipeline. A normalization layer is prepended to a softmax
layer, which is used as parameters to a sampling layer.

The Fast SeqProp method works as follows: For DNA sequence design, where the number

of one-hot channels M is small (M = 4), we use a normalization scheme commonly referred

to as instance-normalization. In this scheme, the nucleotide logits of each channel are nor-
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malized independently across positions. Let µ̄j = 1
N

∑N
i=1 lij and ε̄j =

√
1
N

∑N
i=1(lij − µ̄j)2

be the sample mean and deviation of logits for nucleotide j across all positions i. For each

step of gradient ascent, we compute the normalized logits l
(norm)
ij as:

l
(norm)
ij =

lij − µ̄j
ε̄j

(4.3)

Since logits with zero mean and unit variance have limited expressiveness when used as

parameters to a probability distribution, we associate each channel j with a global scaling

parameter γj and offset βj. Having an independent offset βj per channel is particularly

well-suited for DNA, as nucleotides are often associated with a global preferential bias. The

scaled, re-centered logits are calculated as:

l
(scaled)
ij = l

(norm)
ij ∗ γj + βj (4.4)

For protein sequence design, the number of one-hot channels M is considerably larger

(M = 20), resulting in fewer samples per channel and noisier normalization statistics.

Here we found that layer -normalization was more stable: We compute a global mean

µ̄ = 1
N ·M

∑N
i=1

∑M
j=1 lij and deviation ε̄ =

√
1

NM

∑N
i=1

∑M
j=1(lij − µ̄j)2, and use a single

scale γ and offset β for all M channels.

Given the normalized and scaled logits l(scaled) as parameters for the nucleotide sampler

δ defined in Equation 4.1, we maximize P(δ(l(scaled))) with respect to lij, γj and βj (or γ and

β in the context of proteins). Using the softmax ST estimator from Equation 4.2, we arrive

at the following gradients:

∂P(δ(l(scaled)))

∂lij
=

M∑
k=1

∂P(δ(l(scaled)))

∂δ(l(scaled))ik
· ∂σ(l(scaled))ik

∂l
(scaled)
ij

· γj ·
∂l

(norm)
ij

∂lij
(4.5)

∂P(δ(l(scaled)))

∂γj
=

N∑
i=1

M∑
k=1

∂P(δ(l(scaled)))

∂δ(l(scaled))ik
· ∂σ(l(scaled))ik

∂l
(scaled)
ij

· l(norm)
ij (4.6)

∂P(δ(l(scaled)))

∂βj
=

N∑
i=1

M∑
k=1

∂P(δ(l(scaled)))

∂δ(l(scaled))ik
· ∂σ(l(scaled))ik

∂l
(scaled)
ij

(4.7)

The normalization removes logit drift by keeping the values proportionally scaled and

centered at zero (E[l
(norm)
ij ] = 0, Var[l

(norm)
ij ] = 1). Furthermore, the scaling parameter γj
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adaptively adjusts the sampling entropy to control global versus local optimization. This

can be deduced by studying the components of ∂P(δ(l(scaled)))
∂γj

in Equation 4.6:

1. ∂P(δ(l(scaled)))

∂δ(l(scaled))ik
is positive for nucleotides which increase fitness and negative otherwise.

2. ∂σ(l(scaled))ik

∂l
(scaled)
ij

is positive when j = k and negative otherwise.

3. l
(norm)
ik is positive only when we are likely to sample the corresponding nucleotide.

Here, the product of the first two terms, ∂P(δ(l(scaled)))

∂δ(l(scaled))ik
· ∂σ(l(scaled))ik

∂l
(scaled)
ij

, is positive if j = k and

nucleotide j raises fitness or if j 6= k and nucleotide k lowers fitness. Hence, the gradient for γj

increases when our confidence l
(norm)
ij in nucleotide j at position i is consistent with its impact

on fitness, such that sign

(∑M
k=1

∂P(δ(l(scaled)))

∂δ(l(scaled))ik
· ∂σ(l(scaled))ik

∂l
(scaled)
ij

)
= sign

(
l
(norm)
ij

)
. Conversely,

inconsistent nucleotides decrement the gradient. At the start of optimization, γj is small,

leading to high PWM entropy and large jumps in sequence design space. As optimization

progresses and we start sampling consistent nucleotides (they are likely to be sampled and

they improve fitness), the entropy gradient ∂P(δ(l(scaled)))
∂γj

turns positive and γj grows larger.

Larger γj lowers the entropy and leads to more localized optimization. However, if we sample

sufficiently many inconsistent nucleotides (likely nucleotides that decrease fitness or unlikely

nucleotides that improve fitness), the gradient of γj may turn negative, again raising entropy

and promoting global exploration.

Note that, in the context of protein design where we have a single scale γ and offset β, the

gradients of Equation 4.6 and 4.7 are additively pooled across all M channels. The argued

benefits of instance-normalization thus holds true for layer-normalization as well.

4.2 Maximizing Nucleic Acid Sequence-Predictive Neural Networks

Fast SeqProp was first evaluated on the task of maximizing the classification or regression

scores of five DNA- or RNA-level deep neural network predictors: (1) DragoNN, a model

trained on ChIP-seq data to predict Transcription Factor (TF) binding (in this case binding
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of SPI1), (2) DeepSEA [173], which predicts multiple TF binding probabilities and chromatin

modifications (we use it here to maximize the probability of CTCF binding in the cell type

Dnd41), (3) APARENT [17], which predicts alternative polyadenylation isoform abundance

given an input polyadenylation signal, (4) MPRA-DragoNN [114], a neural network trained

to predict transcriptional activity of short enhancer sequences and, finally, (5) Optimus 5’

[130], which predicts ribosomal load (translation efficiency) of 5’ UTR sequences.

We compared Fast SeqProp to the previous versions of the algorithm, namely: (1) PWM

– the original method with continuous softmax-relaxed inputs [80] and (2) SeqProp – the

categorical sampling method described in [17] using the (non-normalized) softmax straight-

through gradient estimator. We also tested a logit-normalized version of the softmax-relaxed

method, Fast PWM, in order to disentangle the individual contributions of the normalization

scheme and the sampling scheme with respect to the baseline PWM method. We define the

optimization loss (or the ’train’ loss) as:

Ltrain(l) = −P(x(l)) (4.8)

For PWM and Fast PWM, x(l) = σ(l). For SeqProp and Fast SeqProp, x(l) = δ(l). The

actual loss (or ’test’ loss) is evaluated on the basis of discrete sequence samples drawn from

the nucleotide sampler δ(l), regardless of design method:

Ltest({l(k)}Kk=1) = − 1

K

1

S

K∑
k=1

S∑
s=1

P(δ(l(k))(s)) (4.9)

Here S refers to the number of samples drawn from each softmax sequence σ(l(k)) at every

weight update t, and K is the number of independent optimization runs. In all experiments,

we set K = 10 and S = 10. Unless otherwise stated, the optimization trajectories plotted in

this section are based on the test loss of Equation 4.9.

Figure 4.2 shows the result of using the design methods to generate maximally scored

sequences for each of the five DNA-based predictors. Fast SeqProp converges to 95% - 99% of

its minimum test loss within 2, 000 logit updates, and reaches 50% of the minimum loss after

only 200 updates for all predictors except MPRA-DragoNN and Optimus 5’. In contrast,
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PWM and SeqProp do not converge within 20, 000 updates. Fast SeqProp converges to up

to 3-fold better optima than all other compared methods. In fact, Fast SeqProp reaches the

same or better optima in 200 updates than the competing methods reach in 20, 000 updates

for DragoNN, MPRA-DragoNN and DeepSEA, marking a 100x speedup. For Optimus 5’

and APARENT, the speedup is 20x-50x.

Figure 4.2: Maximizing the predictors DragoNN (SPI1), DeepSEA (CTCF Dnd41), MPRA-
DragoNN (SV40), Optimus 5’ and APARENT.

Figure 4.3 compares example sequence optimizations of the PWM and Fast SeqProp

methods. As can be seen, even after 20, 000 updates, the PWM method has not converged

for most of the tested predictors. In contrast, Fast SeqProp contains plenty of cis-regulatory

motifs in the converged sequences generated by Fast SeqProp.

For example, when maximizing APARENT, Fast SeqProp generates multiple CFIm bind-

ing motifs, dual CSE hexamers, and multiple cut sites with CstF binding sites. These are all

regulatory motifs known to enhance cleavage and polyadenylation by stimulating recruitment

of the polyadenylation machinery [54, 137, 43, 154]. For DeepSEA, Fast SeqProp generates

four CTCF binding sites. For MPRA-DragoNN, we identify both CRE- and a CTCF binding

sites embedded within a GC-rich context, which aligns well with what we might expect to
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find in a strong enhancer [79, 45]. Finally, for Optimus 5’, Fast SeqProp generates a T-rich

sequence with multiple in-frame (IF) uAUGs. These determinants were previously found to

improve ribosome loading [130]. See the Supplementary Information (Figure S2) for addi-

tional visualizations comparing the PWM and Fast SeqProp methods during different stages

of optimization.

Figure 4.3: Example softmax sequences generated by the PWM and Fast SeqProp methods
after 20,000 updates of gradient ascent with default optimizer parameters (Adam).

4.3 Pathologies of Softmax Relaxation

Some predictors, having been trained only on discrete one-hot coded patterns, were hy-

pothesized to have poor predictive power on continuous-valued softmax sequence relaxations

(input to PWM). To test this, we measured both the training loss Ltrain (which is based on

the softmax sequence input σ(l)) and test loss Ltest (which is based on discrete samples δ(l))

when maximizing MPRA-DragoNN.

Indeed, maximizing MPRA-DragoNN with PWM leads to a considerably overestimated

predictor score on the softmax input (Figure 4.4, left), as the training loss is more than 6-fold

lower than the test loss. Using Fast SeqProp, on the other hand, the training and test losses
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are identical (Figure 4.4, right). While the training loss is 2x higher than the training loss

of PWM, the test loss is more than 3x lower.

Figure 4.4: Maximizing MPRA-DragoNN with PWM (left) or Fast SeqProp (right).

4.4 Comparison to Evolutionary Algorithms and Simulated Annealing

Figure 4.5: Maximizing DragoNN SPI1. Simulated Annealing is tested at several parameter
configurations (number of substitutions per step / initial temperature).

Next, Fast SeqProp was compared to the discrete nucleotide-swapping search algorithm

’Evolved’ as well as the global optimization heuristic Simulated Annealing (’SA’) described

in Section 2.4.1. The methods were benchmarked on the DragoNN maximization task. The

results in Figure 4.5 show that Fast SeqProp significantly outperforms SA; the best fitness



51

score that SA reached in 20, 000 iterations was reached by Fast SeqProp in less than 1, 000

iterations, marking a 20x speed-up. Interestingly, increasing the number of substitutions at

each step of SA initially increases convergence, but results in worse optima. Furthermore,

the pairwise nucleotide-swapping search, Evolved, never converges, suggesting that DragoNN

maximization is a challenging optimization problem.

4.5 Comparing Different Gradient Estimators

We next compared the performance of Fast SeqProp to a version of the method using the

Gumbel distribution for sampling and backpropagation instead of the Softmax ST estimator

[70] (temperature τ = 0.1). While the Gumbel variant of the design method reached the

same optima as Fast SeqProp on the DragoNN task, it converged slower (Figure 4.6, left).

Importantly, same as PWM and SeqProp, the Gumbel design method benefited substantially

from logit normalization (’Gumbel-IN’ in the figure). We also compared Fast SeqProp to

a version using the original ST estimator
∂δ(l)ij
∂lij

= 1. As shown in Figure 4.6 (right), the

Softmax ST estimator reaches much better optima. Sampling multiple sequences {δ(l)(s)}Ss=1

at each update and walking down the average gradient 1
S

∑S
s=1∇lP(δ(l)(s)) slightly speeds

up convergence, but does not improve optima.

Figure 4.6: Comparing Fast SeqProp to a version of the same method using the Gumbel
distribution (left) or standard straight-through approximation (right).
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4.6 Regularized Activation Maximization using Variational Autoencoders

Finding regulatory logic in the sequences produced by activation maximization in Figure 4.3

is a good indication that we generate patterns with biological meaning. However, there is the

potential issue of overfitting to the predictor during sequence optimization, as the model may

lose its accuracy when drifting out of the training data distribution to maximize predicted

fitness. Likelihood models such as variational autoencoders (VAEs) [82] have previously been

used to prevent drift to low-confidence regions of design space [61, 18]. By training VAEs on

sample from the same data as the predictor, we can use them to estimate and maintain the

likelihood of candidate designs. Here, because VAEs are end-to-end differentiable, we can

integrate them directly into the optimization objective as a regularizer (Figure 4.7, left).

In summary, we extend the original optimization objective (Eq. 2.1) by passing the

sampled one-hot pattern δ(l) to the VAE and penalize the pattern based on its VAE-

estimated log-likelihood, log pVAE(δ(l)), using ST approximation for backpropagation. The

log-likelihood log pVAE(δ(l)) is approximated in the forward pass as follows: The one-hot

pattern δ(l) is used as input to the VAE encoder E , producing a mean vector µ(l) ∈ Rd

and a log-variance vector ε(l) ∈ Rd. We sample S latent vectors v(s) ∼ N (µ(l), ε(l)). Each

vector v(s) is decoded by the VAE decoder D into a reconstructed matrix of nucleotide logits

r(s) = D(v(s)) and passed through a softmax layer σ to obtain S reconstructed softmax-

relaxed PWMs σ(r(s)). Next, we use importance-weighted inference to estimate the log

likelihood log pVAE(δ(l)) [117, 82, 16]:

log pVAE(δ(l)) ≈ log

[
1

S
·

S∑
s=1

ps(δ(l))

]
= log

[
1

S
·

S∑
s=1

pD(δ(l)|v(s)) ·
pN (0,1)(v

(s))

pN (µ(l),ε(l))(v(s))

]
(4.10)

The summands may be very small at the start of optimization. To maintain numerical

stability, we calculate Equation 4.10 in log space using the log-sum-exp trick:

log pVAE(δ(l)) ≈ S
max
s=1

[
log ps(δ(l))

]
+ log

[ S∑
s=1

elog ps(δ(l))−maxS
t=1(log pt(δ(l)))

]
− logS (4.11)
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We compute the importance-weighted probability ps(δ(l)) of each sample s in log space:

log ps(δ(l)) = log

[
pD(δ(l)|v(s)) ·

pN (0,1)(v
(s))

pN (µ(l),ε(l))(v(s))

]
= log pD(δ(l)|v(s)) + log pN (0,1)(v

(s))− log pN (µ(l),ε(l))(v
(s))

(4.12)

Here, log pD(δ(l)|v(s)) is the decoder reconstruction probability of PWM σ(r(s)):

log pD(δ(l)|v(s)) =
N∑
i=1

M∑
j=1

[
δ(l)ij × log σ(r(s))ij

]
(4.13)

log pN (0,1)(v
(s)) is the density of latent sample v(s) under the standard normal distribution:

log pN (0,1)(v
(s)) = −1

2
·
D∑
d=1

[
(v

(s)
d )2 + log(2π)

]
(4.14)

Finally, log pN (µ(l),ε(l))(v
(s)) is the density of v(s) under the importance sampling distribution:

log pN (µ(l),ε(l))(v
(s)) = −1

2
·
D∑
d=1

[(v(s) − µ(l)

ε(l)

)2

d
+ log(2π) + log ε(l)d

]
(4.15)

Note that all quantities in Equations 4.11-4.15 are differentiable with respect to δ(l) using

the reparameterization trick of [82]. Given this differentiable estimate of log pVAE(δ(l)) above,

we can use this quantity to form a cost function CLikelihood

[
log pVAE(δ(l))

]
that we optimize

with respect to the logits l, allowing control of the likelihood ratio of generated sequences

during training. Specifically, using a logarithmic margin loss, we bound the likelihood ratio

with respect to the mean likelihood of the training data pref by a factor 10−ρ (assuming

log10-base):

CLikelihood

[
log pVAE(δ(l))

]
= max

[
log pref − log pVAE(δ(l))− ρ, 0

]
(4.16)

Integrating CLikelihood

[
log pVAE(δ(l))

]
into the objective of Equation 2.1, we end up with the

cost function in Equation 4.17. We refer to this design method as Fast SeqProp-VAE.

min
l
−P(δ(l)) + λ ·max

[
log10 pref − log10 pVAE(δ(l))− ρ, 0

]
(4.17)
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Figure 4.7: Left: VAE-regularized Fast SeqProp. A variational autoencoder (VAE) is used to
control the estimated likelihood of designed sequences during gradient ascent optimization.
Right: Predictor fitness score and validation model score trajectories as a function of the
cumulative number of predictor calls made during the sequence design phase. Shown are the
median scores across 10 samples per design method, for three repeats.

We tasked the VAE-regularized Fast SeqProp method with designing maximally strong

polyadenylation signals (using APARENT as the predictor) and maximally translationally

efficient 5’ UTRs (using Optimus 5’). For each task, we trained a β-VAE and W-GAN on

a sample of 5, 000 high-fitness sequences. We then used the methods CbAS [18], FB-GAN

[59], AM-VAE [80], RWR [119] and FB-VAE (VAE-version of FB-GAN) for comparisons.

During optimization, we measured the fitness scores of both the predictor and an independent

validation model that we did not directly optimize for, allowing us to estimate sequence

fitness in an unbiased way. Specifically, when designing polyadenylation signals based on

APARENT, we validated the designs using DeeReCT-APA [95], an LSTM trained on 3’-

sequencing data of mouse cells. To validate Optimus 5’ designs, we used a newer version of the

model that had been trained on additional MPRA data, making it more robust particularly

on outlier sequences such as long homopolymers [130]. On a practical note, we found it quite

difficult to train a VAE on the APARENT and Optimus 5’ datasets, and the convergence

of CbAS, RWR and FB-GAN appeared sensitive to quantile threshold settings, which we
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believe stem from the considerable data heterogeneity and variability.

For the APA design task, Fast SeqProp reaches higher predictor fitness scores and val-

idation model scores with significantly fewer calls to the predictor than any other design

method (Figure 4.7, right). Interestingly, Fast SeqProp reaches identical validation scores

(DeeReCT-APA) with or without VAE-regularization, which suggests that overfitting is not

an issue for the APARENT predictor. For the 5’ UTR design task, AM-VAE initially reaches

higher predicted fitness and validation scores, but after 50-100 iterations the method starts

to overfit and produces designs with lower validation score. Fast SeqProp without VAE-

regularization experiences the same phenomenon; after approximately 100 iterations the

fitness score rapidly increases while the validation score decreases. However, Fast SeqProp

with VAE-regularization successfully restricts the designs from overfitting and produces sta-

ble monotonic validation score trajectories.

4.7 Regularized Activation Maximization using Uncertainty Estimation

To further improve the robustness of sequence designs, we can use predictor oracles capable of

estimating uncertainty in their fitness predictions as additional regularizers. To demonstrate

this idea, we train the same kind of oracles as was used by Brookes et al. [18] to estimate

uncertainty in the fitness predictions [85], and use these models to replicate their Green Flu-

orescent Protein (GFP) design task in the context of activation maximization. Specifically,

for Fast SeqProp, we use the (differentiable) survival function of the normal distribution in

order to maximize the probability that the predicted fitness of designed sequences is larger

than a particular quantile q of the training data.

Assume that the oracle model predicts the mean µ
[
δ(l)

]
and standard deviation ε

[
δ(l)

]
of fitness scores for the designed (sampled) pattern δ(l). We then use the (differentiable)

survival function of the normal distribution to maximize the probability pµ[δ(l)],ε[δ(l)](Y > q)

that the predicted fitness of sequence δ(l) is larger than quantile q of the training data (Here,

we use q = 0.95). We also impose the VAE-regularization from the previous section in the

cost function. The complete cost function is given in Equation 4.18 below. We refer to this



56

version of activation maximization as Fast SeqProp-PI-VAE (Figure 4.8, left).

min
l
− log10 pµ[δ(l)],ε[δ(l)](Y > q) + λ ·max

[
log pref − log10 pVAE(δ(l))− ρ, 0

]
(4.18)

We compared this version of Fast SeqProp to the methods AM-VAE, CbAS, FB-VAE

and RWR on the GFP design task of Brookes et al. [18] (replicating their test suite). The

predictor consisted of an ensemble of 5 models (each consisting of a single fully connected

hidden layer). For validation, we used the same GP regression model. The results showed

that methods AM-VAE, CbAS, FB-VAE and RWR initially start with significantly higher

oracle- and validation scores than Fast SeqProp (Figure 4.8, right). The reason is that these

methods start by sampling sequences from the pre-trained VAE, which already has high

validation scores. Throughout the optimization, these methods marginally increase their

validation scores. However, after ∼ 1, 000 predictor calls, Fast SeqProp quickly converges to

designs with higher validation scores than all other methods.

Figure 4.8: Left: Using both VAE-regularization and a probabilistic oracle ensemble to
estimate uncertainty. Right: Median oracle fitness scores and validation scores across three
repeats for the GFP design task.

4.8 Experimental Validation of Designed APA Sequences

To experimentally validate designed polyadenylation signals, we synthesized, assembled, and

expressed the engineered PASs in the APA assay from Section 3.1. For comparison, we used
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data from the human wild-type reporter library (Section 3.4) as a reference for the native

range of alternative isoform use. These results were published in [17] and used the original

SeqProp design method (without the parameter normalization introduced in [100]).

Figure 4.9: Left: Example PWMs that have been optimized using SeqProp for target APA
isoform abundances. Right: Measured isoform abundances (log) of designed sequences.

By redefining the fitness cost as the KL-divergence KL(P(δ(l))||t) between the predicted

isoform abundance and a target t, we used SeqProp to optimize PASs for a range of target

isoform abundances: 0%, 25%, 50%, 75%, and 100%. We generated 10 sequences per target

expression for 6 different APARENT UTR contexts (Figure 4.9, left; see Chapter 3 for a

description of UTR contexts). We also optimized 20–50 PWMs per UTR context for max-

imal proximal preference using the classical SeqProp ’Max’-fitness objective. We sampled

and synthesized up to 10 sequences from each PWM for a total of 1,200 ’Max’ PASs. The

predicted isoform use of these generated sequences was highly correlated with the experi-

mental measurements (Figure 4.9, right; R2 = 0.90). The ’Max’ sequences had a mean usage

higher than any native PAS measured in the array, and the strongest sequence had a usage

of 99.7% against a strong distal PAS (the bottom sequence shown in Figure 4.9, left).

4.9 Protein Structure Optimization

Multiple deep learning models have recently been developed for predicting tertiary protein

structure [2, 133, 167]. Here, we compared Fast SeqProp to other design methods on the task
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of designing de novo protein sequences which conform to a target residue contact map as

predicted by trRosetta [167]. The predictor takes three inputs: A one-hot coded sequence, a

PSSM constructed from a multiple-sequence alignment (MSA) and a direct-coupling analysis

(DCA) map. For our design task, we pass the optimizable one-hot pattern x to the first two

inputs and an all-zeros tensor as the DCA feature map. Given the predicted distance distri-

bution DP ∈ [0, 1]N×N×37 and angle distributions θP ,ωP ∈ [0, 1]N×N×24, φP ∈ [0, 1]N×N×12,

we minimize the mean KL-divergence against target distributions DT , θT , ωT and φT :

min
l

KL(DP ||DT ) + KL(θP ||θT ) + KL(ωP ||ωT ) + KL(φP ||φT )

where KL(X||Y ) =
1

N2
·
N∑
i=1

N∑
j=1

K∑
k=1

Yijk · log

(
Yijk
Xijk

) (4.19)

Figure 4.10: Designing sequences which conform to the target predicted structure of a Sensor
Histidine Kinase. Simulated Annealing was tested at multiple initial temperatures. SeqProp
and Fast SeqProp were tested at several combinations of learning rate and momentum.

The methods were tasked with designing sequences for the target structure of the protein

Sensor Histidine Kinase. The optimization trajectories (Figure 4.10) indicate that Fast

SeqProp converges faster and reaches better minima; after 200 iterations, Fast SeqProp

reached 4x lower KL-divergence than all other methods, and much of the target structure

was visible (Figure 4.11). While the choice of learning rate changed the rate of convergence,
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it did not alter the minima found by Fast SeqProp. Additionally, by sampling multiple

sequences {δ(l)(s)}Ss=1 at once and walking down the average gradient 1
S

∑S
s=1∇lP(δ(l)(s)),

we can improve the rate of convergence by making the gradients less noisy (e.g. S = 10 for

’Fast SeqProp 10x’ in Figure 4.10). Importantly, this scales significantly better than linear

in execution time, since multiple samples can be differentiated in parallel on a GPU.

Figure 4.11: Predicted residue distance distributions after 200 iterations. Simulated anneal-
ing was run with 1 mutation per step at an initial temperature of 0.01. SeqProp and Fast
SeqProp were run at 0.01 learning rate and 0.5 momentum.
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Chapter 5

DIVERSE SEQUENCE DESIGN WITH
ACTIVATION-MAXIMIZING GENERATIVE NETWORKS

In the previous chapter, we presented an improved gradient-based design method that

demonstrated a significant speedup to previous sequence design algorithms. Still, the method

is fundamentally limited for large-scale design problems. The reason is that the gradient as-

cent optimization must be re-run for every sequence we want to design, which incurs consid-

erable computational cost if we want to generate millions or billions of candidate sequences.

Furthermore, independent sequence optimization has no means of controlling the diversity

of optimized sequences. To address these limitations, we developed Deep Exploration Net-

works (DENs), an activation-maximizing generative neural network capable of optimizing

sequences for a differentiable fitness predictor while maintaining sequence diversity. This

work was presented at the MLCB 2019 conference [99] and was later published in [96] where

I was the first author. The majority of content presented in this chapter is from that paper.

5.1 Deep Exploration Networks

The DEN architecture, as illustrated in Figure 5.1, is based around a generative neural

network G and a differentiable fitness predictor P . Given a D-dimensional seed vector z ∈ RD

as input, the generator G outputs a nucleotide logit matrix l(z) = G(z). An approximate

one-hot-coded pattern x(z) is obtained by transforming l(z) through the formula:

x(z) = δ
(
l(z)
)
∗M + T (5.1)

Here, δ is the discrete nucleotide sampler from Equation 4.1, which transforms the real-

valued nucleotide scores generated by G into a one-hot-coded representation. Mask matrix

M zeroes out fixed sequence positions and template matrix T encodes fixed nucleotides. We
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propagate gradients through this representation using either the Softmax Straight-Through

estimator from Equation 4.2 [12, 35, 31] or the Gumbel distribution [70]. The predictor

output P(x(z)) is used to define a fitness cost CFitness

[
P(x(z))

]
, and the overall goal is to

optimize G such that the generated sequences minimize this cost. Only G is optimized,

having pre-trained P to accurately predict the target biological function.

Figure 5.1: The Deep Exploration Network Architecture. Two generator samples are con-
sidered simultaneously, enabling similarity comparisons in addition to evaluating fitness.

By strictly minimizing CFitness

[
P(x(z))

]
, the generator will likely only learn to produce

one single pattern, regardless of z, since it is trivially optimal to always output the pattern

located at the bottom of the local fitness cost minimum. There may however exist much

better minima. Additionally, as the predictor may be inaccurate for certain sequences, the

generator should ideally learn to sample many diverse patterns with maximal fitness scores.

The distinguishing feature of a DEN is to force the generator to map randomly sampled
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vectors from the D-dimensional uniform distribution U(−1, 1)D to many different sequences

with maximal fitness score. This is achieved by making the generator compete with itself;

G is executed twice at each step of the optimization for a pair of sampled seeds z(1), z(2) ∼

U(−1, 1)D. The generator is penalized based on both the fitness cost CFitness

[
P(x(z(1)))

]
and

a diversity cost CDiversity

[
x(z(1)),x(z(2))

]
evaluated on the generated patterns x(z(1)),x(z(2)):

min
G
CFitness

[
P(x(z(1)))

]
+ λ · CDiversity

[
x(z(1)),x(z(2))

]
(5.2)

This monte-carlo optimization differs from a classical GAN [55], which is trained to

minimize a cost C
[
D(Data),D(G(z))

]
such that an adversarial discriminator D cannot dis-

tinguish between the real data and the distribution generated by G. Also note that, in

contrast to [80] where optimization is done on a single input seed of a pre-trained GAN,

minz CFitness

[
P(G(z))

]
, here G itself is optimized for all seeds. As training progresses, the

generator will become injective over different seeds z ∼ U(−1, 1)D. Consequently, we can

sample diverse high-fitness sequences by drawing samples from U(−1, 1)D and transforming

them through G.

Several different losses are investigated for the diversity cost CDiversity

[
x(z(1)),x(z(2))

]
.

First, a cosine distance is used to directly penalize one-hot patterns based on the fraction

of identical nucleotides (Figure 5.2, left). To support translational invariance, patterns are

penalized by the worst possible offset σ, ranging from σ = −σmax to σmax. The penalty

is defined as a margin loss, allowing patterns to be identical up to a margin ε without

incurring any cost. Given two masked one-hot coded patterns x(1) = f(G(z(1))) ∗M and

x(2) = f(G(z(2))) ∗M, the sequence similarity cost is defined as:

CS(x(1),x(2)) = max

[
− ε+

1

N
max
σ

N−|σ|∑
i=1

M∑
j=1

x
(1)
i+max(σ,0),j · x

(2)
i+max(−σ,0),j, 0

]
(5.3)

Here, N refers to the sequence length and M the number channels. Theoretically, we

should set σmax = N − 1 to test all possible offsets, however practically we found that

σmax = 1 was sufficient.
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Figure 5.2: The sequence similarity penalty is computed as the cosine distance between two
one-hot samples. The latent similarity penalty is computed as the cosine distance between
latent (dense) vectors.

A latent diversity cost was also evaluated, which is defined on a pair of latent feature

vectors u(1) and u(2) obtained from the generated sequence patterns x(1) and x(2) by applying

some (differentiable) feature transform u(1) = M(x(1)) and u(2) = M(x(2)). In theory, M

can be any encoder model, e.g. a variational autoencoder (VAE). Here, we let the first fully

connected layer of P be the latent feature space for u(1) and u(2) (Figure 5.2, right). The

latent similarity cost is defined as the cosine similarity margin loss between u(1) and u(2):

CL(u(1),u(2)) = max

[ ∑d
i=1 u

(1)
i · u

(2)
i√∑d

i=1

(
u

(1)
i

)2 ·
√∑d

i=1

(
u

(2)
i

)2
− ε, 0

]
(5.4)

5.2 Engineering Alternative Polyadenylation

DENs were first demonstrated in the context of Alternative Polyadenylation (APA). Same

as in the previous chapter, we used the neural network APARENT as the fitness predictor

[17] and considered the task of designing polyadenylation signals with maximal APA iso-
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form selection. Thus, we defined the fitness cost as the negative of the predicted isoform

score, CFitness

[
P(x(z))

]
= −P(x(z)). The generator G followed a DC-GAN architecture [122]

consisting of one fully connected layer, three strided de-convolutional layers (each with an

upsampling rate of 2) and three convolutional layers.

In Figure 5.3, two independent DENs were trained, each tasked with generating PASs

with maximal predicted APA. In one of the two instances, the diversity cost coefficient λ in

Equation 5.2 was lowered to a small value (0.25), and in the other instance it was increased

(5.0). With a low coefficient, the generator learned to sample few, low-diversity sequences,

all of similar isoform log odds (Figure Figure 5.3, left; mean isoform log odds = 6.06, 99.5%

sequence duplication rate at 100, 000 sampled sequences). With an increased coefficient,

the generator became highly diverse and the mean predicted isoform odds increased almost

20-fold (Figure 5.3, right; mean isoform log odds = 8.91, 0% duplication rate). These results

indicate that exploration during training drastically improves the final fitness of the generator

by traversing local minima of the fitness cost landscape.

Figure 5.3: The DEN was trained with a low diversity cost coefficient (left) and a high
coefficient (right). (Top) Predicted isoform proportion. (Bottom) Sequence pixel grid.
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To find the optimal similarity penalty (for this design problem), we re-trained the Max-

isoform DEN under different similarity margins (the fraction by which we allow sequences

to be similar), measuring the 50th and 99th percentile of fitness scores and sequence edit

distances of each converged generator (Figure 4.4). Both fitness and diversity increased up

to a sequence dissimilarity of 40%. Beyond that point, the generated fitness scores monoton-

ically decreased. These results are quite interesting, as they suggest that enforcing diversity

results in better fitness optima up to a certain point, presumably by helping the generator

overcome local minima and explore new parts of design space. At too large magnitudes,

however, the diversity cost conversely restricts the generator from finding good minima.

Figure 5.4: The DEN was retrained for different allowable sequence similarity margins.
Plotted are the 50th/99th percentile of predicted fitness scores and pairwise edit distances.

Next, we characterized DEN-generated PASs experimentally and compared their fitness

to sequences generated by the activation maximization method SeqProp. To that end, we
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synthesized APA reporters with two adjacent PASs (Figure 5.5): Each reporter contained a

Max-isoform PAS sampled from a DEN with 40% sequence similarity margin, as well as one

of the strongest SeqProp-optimized signals from [17] (see Chapter 4.8). To discount any bias

from aspecific proximal preference, we experimentally assayed both signal orientations where

the DEN-generated PAS was either the proximal signal or the distal signal. The reporters

were cloned onto plasmids and delivered to HEK293 cells. We quantified the expressed

RNA isoform levels using a qPCR assay, measuring the Ct values of total and distal RNA

respectively. Using Ct differences to estimate odds ratio lower bounds, we found that the

DEN-generated sequences were on average 11.6-fold more preferred (odds ratio) than the

SeqProp-generated sequences. To put this in perspective, the strongest SeqProp sequence

had usage odds of 127:1 (99.22%) relative to a distal bGH PAS separated by 200 nt. The

DEN-sequences would have usage odds of 1481:1 (99.93%) relative to the same signal.

Figure 5.5: Experimental validation of two DEN-generated polyadenylation signals, using an
APA 3’ UTR reporter with isoform estimation by qPCR.
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5.3 A Comparison of Generative Models for APA Sequence Design

We carried out extensive benchmark comparisons between DENs and competing methods at

the task of designing PASs with maximal APARENT isoform score. DENs were compared

to 6 other design methods: (1) Generative adversarial networks (GANs) trained either on

randomly sampled sequences or on the subset of the data with the highest measured fitness

score [158], (2) Activation-maximization of GANs (AM-GAN) [80], (3) Feedback-GANs (FB-

GANs) [59], (4) Optimizing a single softmax-relaxed PWM by gradient ascent and sampling

sequences from it (the baseline method), (5) Optimizing several PWMs by gradient ascent,

and (6) Simulated Annealing with the Metropolis acceptance criterion [83, 111].

Figure 5.6: Benchmark comparison of 6 design methods for designing sequences with maximal
APA isoform abundance. Left: Predicted fitness scores and pairwise edit distances. Right:
Fitness scores and edit distances as a function of the number of sequences queried.

We trained one GAN version on a random subset of 10,000 APA sequences from the

APARENT MPRA (see Chapter 3.1). We trained another GAN version on a high-fitness

subset of APA sequences. Specifically, we selected sequences with a minimum read count of

50 and a minimum isoform abundance of 0.95 (resulting in approximately 50, 000 sequences),

and randomly sampled 10, 000 sequences from this subset. For FB-GAN, we tried using both

a fixed feedback threshold of 0.8 (in isoform proportion) as well as an adaptive threshold that
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was adjusted at each iteration to the 50th percentile of the predicted isoform proportions

for the current FB-GAN training set. Five different DEN configurations were trained for a

range of different diversity cost magnitudes and similarity margins (three DENs with 50%,

40% and 30% sequences similarity margins, as well as two DENs with 70% and 50% latent

similarity margins). Fitness comparisons were made relative to the median score of the

baseline method (PWM Gradient Ascent), where the median score of random sequences was

treated as the baseline value (i.e. +0%). In Figure 5.6 and 5.7, we compare the design

methods on fitness and diversity as a function of the total number of iterations (sequence

budget) needed to design a target number of sequences. For per-sequence optimization

methods (PWM Gradient Ascent, AM-GAN, Simulated Annealing), the sequence budget

is computed as the number of iterations spent on designing a single sequence (number of

predictor calls) multiplied by the total number of sequences designed. For GAN, FB-GAN

and DEN, the sequence budget is computed as the number of generator forward passes.

The methods DEN, FB-GAN (adaptive threshold) and Simulated Annealing generated

sequences with fitness score medians that were approximately +115% compared to baseline

(Figure 5.6). However, sequence diversity was significantly lower for FB-GAN (15% median

normalized edit distance) compared to DEN (35%) and Simulated Annealing (45%). DEN-

generated diversity could be increased by changing the allowable similarity margin, at the

cost of diminished fitness scores. While sequence diversity increased for FB-GAN with fixed

threshold (45% median edit distance), its median fitness score dropped below comparably

diverse DEN models (-23% of the baseline median). Similarly, fitness scores were low for

GAN and Activation-maximization of GAN (-61.5% and -46.1% below baseline respectively).

Measured as the total number of sequences sampled during optimization, DEN converges to

near-optimal fitness scores in fewer iterations than all other methods.

5.4 A Comparison of Generative Models for Gene Enhancer Design

The same benchmark comparison was replicated for the task of designing gene enhancers

with maximal transcriptional activity according to the predictor MPRA-DragoNN [114].
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Here, the results were more pronounced (Figure 5.7): Fitness score medians were +600%

and +660% compared to baseline for DEN and Simulated Annealing respectively, while FB-

GAN had a median score of +200%. DEN had approximately 3% lower median edit distance

compared to baseline, but it was 17% higher compared to FB-GAN. Overall, DEN and

Simulated Annealing generated sequences of comparable fitness, but Simulated Annealing

was more diverse (between 7% and 10% increased edit distance). In fact, Simulated An-

nealing is a meta-heuristic known to find near-global minima given enough iterations, and

the method optimally finds diverse basins by starting from random sequences. But Sim-

ulated Annealing is fundamentally more computationally expensive when generating many

samples; the method must be re-initialized and optimized for every sequence to make. By

extrapolating the optimization trajectories of Figure 5.7, we find that DENs can generate

approximately 100,000 sequences in fewer iterations (total sequence budget) than Simulated

Annealing requires for only 1,000 of comparable fitness.

Figure 5.7: Replicate benchmark of 6 design methods for designing gene enhancers sequences
with maximal predicted transcriptional activity.

5.5 Engineering Green Fluorescent Proteins while Maintaining Confidence

The DEN formulation described in previous sections maximizes fitness and diversity without

regard to how confident the predictor (or any other model) is in the generated sequences.

However, assuming the predictor loses its predictive power as the generated sequences drift
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from the measured training data in design space, it becomes necessary to maintain the

marginal likelihood of sequences with respect to the data. This problem is particularly evi-

dent in protein design, where functional sequences are thought to reside in a manifold much

smaller than the space of all possible sequences, and where measured training data only

span this manifold. A related design method based on in-silico directed evolution, Condi-

tioning by Adaptive Sampling (CbAS) [18], controls the likelihood by adaptively sampling

and retraining a variational autoencoder (VAE). Here, VAEs are directly integrated in the

DEN cost function (Figure 5.8), enabling direct control of the approximate likelihood ra-

tio of generated sequences with respect to a reference likelihood estimated on the training

data. This allows for tuning how confident the DEN should be in the generated sequences

during backpropagation. The expected log likelihood is estimated by importance sampling

[117, 82, 16], and ST gradients are used to optimize the generator for the VAE likelihood

penalty.

Figure 5.8: The integration of a VAE in the DEN framework.

Given the differentiable estimate of log pVAE(x(z)) derived in Section 4.6, we could the-

oretically use the cost function from Equation 4.16. However, there is a problem with this

cost: It skews the distribution log pVAE(x(z)) when taken over many seeds z. This is be-

cause every value log pVAE(x(z)) crossing the allowable margin will be penalized by the cost
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function, which means that the expected log likelihood Ez[log pVAE(x(z))] will be shifted far

beyond the margin log pref − ρ to accommodate the worst-case samples. Rather, what we

want is for Ez[log pVAE(x(z))] to be centered at log pref − ρ. To achieve this, we estimate

Ez[log pVAE(x(z))] during each forward pass of backpropagation as an empirical mean over

mini-batches of generator seeds. Specifically, if we optimize the DEN on a batch of L seeds

z[l] ∼ U(−1, 1)D (the brackets denote batch index), then the L-sized batch is divided into H-

sized mini-batches, and we compute V = L/H independent estimates of Ez[log pVAE(x(z))]:

Ez[log pVAE(x(z))](v) ≈ 1

H

H∑
h=1

log pVAE(x(z[v ·H + h])) (5.5)

We now have an L/H-sized batch of estimates
{
Ez[log pVAE(x(z))](v)

}L/H
v=1

, which are

broadcasted back to the original batch size L and used with each respective seed z[l] of the

batch to compute the expected likelihood ratio cost function:

CLikelihood

[
Ez[log pVAE(x(z))]

]
= max

[
log pref − Ez[log pVAE(x(z))]− ρ, 0

]
(5.6)

Figure 5.9: GFP design benchmark, measuring ”ground truth” scores sorted by oracle scores
(left) or by ground truth scores (middle), and pairwise edit distances (right).

The Likelihood-bounded DEN was benchmarked on the task of GFP sequences for max-

imal brightness, using variant data from [131]. Replicating the analysis of [18], three in-

creasingly large predictor ensembles were evaluated [85]. The generator architecture was
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also altered by appending an LSTM-layer, as it increased convergence speed. The DEN was

tasked with maximizing the probability of the predicted brightness being above the 95th per-

centile of the training data (Using the fitness cost from Equation 4.18 of Section 4.7), while

bounding sequences to be at least 1/10th as likely as the training data. Three DEN ver-

sions were tested: with either 98.5%, 95% and 90% sequence similarity penalty margins (the

allowable fraction of identical residues). Performance was evaluated using an independent

Gaussian Process regression model (considered the ground truth). The DENs were compared

against CbAS, FB-VAE (a VAE-based version of FB-GAN) [59] and CEM-PI (Probability

of Improvement) [143]. While the DEN models were less consistent than CbAS (Figure 5.9,

left), they generated higher overall ground truth scores (Figure 5.9, middle). Furthermore,

the DEN with 90% similarity margin generated more diverse sequences (Figure 5.9, right).

Finally, we compared against a regular DEN with no likelihood regularization penalty (Fig-

ure 5.10). Although the predicted oracle scores increased rapidly, the corresponding ground

truth scores never improved from the minimum value.

Figure 5.10: Oracle (dashed line) and ground truth (solid line) fitness scores as a function
of training epoch. The values (x-axis) are sorted on oracle scores.
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Chapter 6

INTERPRETING NEURAL NETWORKS FOR DNA- AND
PROTEIN SEQUENCES

Sequence-based neural networks can learn complex relationships from large-scale datasets

in order to accurately predict gene-regulatory phenomena and protein function, but model

interpretation remains challenging due to the internal complexity of such networks. Instead,

one may attempt to directly attribute a prediction to the most salient input features. While

there are many attribution methods available, few are optimized for sequence-predictive

neural networks where the input patterns are discrete. Furthermore, sequence regulation

commonly include non-linear interactions, requiring importance to be assessed over groups

of features. Most methods, however, are based on local approximation and analyze each

feature in isolation. Here we develop an alternate approach to sequence attribution where a

deep generative model learns to either preserve or destroy the most important input positions

with masks. Our version of this method – Scrambler Neural Networks – learns to generate a

Position-Specific Scoring Matrix (PSSM ) where the entropy of each nucleotide or residue is

proportional to its importance. This work was presented at the MLCB 2020 conference [98]

and was later deposited to a pre-print server [97] where I was the first author. The second

author, Alyssa La Fleur, performed part of the analysis and contributed significantly to the

paper. The majority of content presented here is from that paper.

6.1 Interpreting Sequence-based Networks with Deep Generative Masking

The Scrambler operation is illustrated in Figure 6.1. Given a differentiable pre-trained pre-

dictor P and a one-hot encoded input pattern x ∈ {0, 1}N×M (representing an N -length

sequence), we let a trainable network S called the Scrambler generate a set of real-valued
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importance scores S(x) ∈ (0,∞]N . These scores are used in Equation 6.1 below to pro-

duce a probability distribution which interpolates between the input pattern x and a non-

informative background distribution b̃ ∈ RN×M .

x̂S = σ
(

log b̃+ x× Ṡ(x)
)

(6.1)

Here, σ denotes the softmax σ(l)ij = elij∑4
k=1 e

lik
and Ṡ(x) ∈ (0,∞]N×M represent the impor-

tance scores S(x) which have been broadcasted at position i to all channels j. The output

x̂S becomes a parameterization of a probability distribution of the input. Specifically, x̂S

is a set of N categorical softmax-nodes, or a PSSM. The role of b̃ is to keep samples from

this PSSM in-distribution and along the manifold of valid patterns, and is here taken as the

mean input pattern across the training set. When S(x)i is close to 0, x̂S,i becomes b̃i (the

background distribution) and when S(x)i is close to∞, x̂S,i becomes xi (the original input).

S(x)i thus defines the inverse temperature of the feature sampling distribution at position i

in the PSSM.

Figure 6.1: The temperature-based masking operation.

Discrete, categorical samples
{
x

(k)
S
}K
k=1

drawn from x̂S are passed to the predictor P and

gradients are backpropagated to S using either Softmax Straight-Through estimation [31] or

the Gumbel distribution [70]. By comparing the predictions P(x̂
(k)
S ) of the scrambled input
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samples to the original prediction P(x), we train the Scrambler S to minimize a predictive

reconstruction error subject to a conservation penalty which enforces high entropy. We

refer to this formulation as the Inclusion-Scrambler, as it must learn to include features to

reconstruct the original prediction while maintaining high entropy of x̂S (Figure 6.2, left). We

define the reconstruction error as the KL-divergence KL
[
P(x

(k)
S )||P(x)

]
between scrambled

and original predictions. To minimize the conservation of x̂S while still keeping samples

in-distribution, we optimize the KL-divergence KL
[
b̃||x̂S

]
between x̂S and the background

distribution b̃. We control the expected entropy by fitting KL
[
b̃||x̂S

]
to a target conservation

value tbits rather than minimizing or maximizing it unbounded. The full training cost for

the Inclusion-Scrambler is given in Equation 6.2.

min
S

(
1

K

K∑
k=1

KL
[
P(x

(k)
S )||P(x)

])
+ λ ·

(
tbits −

1

N
·KL

[
b̃||x̂S

])2

(6.2)

Figure 6.2: Inclusion: Maximize the entropy of the PSSM predicted by the Scrambler and
minimize the prediction error of samples drawn from it. Occlusion: Minimize PSSM entropy
and maximize sample prediction error.

Alternatively, we can train S to find the smallest set of features in x to randomize (i.e.,
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maximizing the conservation of x̂S) to maximally perturb P(x̂
(k)
S ) from P(x). We refer

to this inverse formulation as the Occlusion-Scrambler (Figure 6.2, right). The scrambling

operation for the Occlusion-model is defined in Equation 6.3 below. Here, the expression

x×Ṡ(x) has been replaced with x/Ṡ(x). Similarly, the cost function is redefined to instead

maximize the predictive reconstruction error (Equation 6.4).

x̂S = σ
(

log b̃+ x/Ṡ(x)
)

(6.3)

min
S
−
(

1

K

K∑
k=1

KL
[
P(x

(k)
S )||P(x)

])
+ λ ·

(
tbits −

1

N
·KL

[
b̃||x̂S

])2

(6.4)

In all experiments, the Scrambler S consisted of a residual network with 4-20 blocks

of dilated convolutions and filter sizes between 3 and 8 [63], and Scramblers were trained

on input examples separate from those used in the benchmark tests. By training S on

a large representative data set, we learn a parametric model of feature importance whose

predictions generalize to new examples, preventing overfitting to spurious predictor signals.

The baseline method used for comparison, Perturb, exchanges the categorical value of one

letter or pixel at a time and estimates the absolute value in predicted change as the im-

portance score. Comparisons are made against Perturb (baseline), Gradient Saliency [139],

Guided Backprop [146], Integrated Gradients [150], DeepLIFT [138] (using RevealCancel for

MNIST and Rescale from DeepExplain for the remaining tasks due to predictor compat-

ibility issues) [4], SHAP DeepExplainer [103] and the extremal preservation/perturbation

methods of [49, 48, 38, 22, 21]. For comparison, we also use a version of the Scrambler

with a masking operator similar to L2X and INVASE (referred to as ‘Zero Scrambler’):

minMKL
[
P(x×M(G)(x))||P(x)

]
+λ ·

(
tarea− 1/N ·

∑N
i=1M(S)(x)i

)2
, whereM is a binary

0/1 mask generator. The continuous-valued maskM(S)(x) and binarized maskM(G)(x) are

obtained by applying sigmoid activations and Gumbel sampling on the output vector of M

respectively. Internally, the network M is identical to the Scrambler.
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6.2 The cis-Regulatory Code of Alternative Polyadenylation

We first used Scramblers to interpret regulatory sequence elements in the 3’ untranslated

region (UTR) of pre-mRNA. Specifically, using APARENT [17] (see Chapter 3) we trained an

Inclusion-Scrambler to reconstruct isoform predictions for the original APARENT training

data. As we anticipated important polyadenylation features like RNA binding protein (RBP)

motifs to consist of short subsequences, we regularized the Scrambler by fixing the final

convolutional layer of the network to a Gaussian filter (reminiscent of a technique proposed

by [48]) to encourage the selection of contiguous features for masking. By training three

independent Scramblers at separate target conservations (tbits = 0.25, 0.5 and 1.0) We found

that they learned to recognize known regulatory binding factors associated with alternative

polyadenylation (Figure 6.3), such as CFIm, CstF, HNRNPL, ENOX1, PABPN1, HuR, and

RBM4 [54, 137, 43, 154].

Figure 6.3: Example attribution of a strong polyadenylation signal sequence from the
APARENT test set, using Inclusion-Scramblers trained with increasing conservation.

To compare the Scrambler to other attribution methods we performed two different bench-

marks: first, based on the importance scores of each method, we replaced all but the top

X% most important nucleotides with random letters sampled from the background distribu-

tion and measured the KL-divergence between the predictions of the original and randomized

sequences. The second benchmark inversely tested how well these top-ranked nucleotides per-

turbed the prediction when replaced with random samples, leaving the rest of the sequence



78

intact. The results showed that the Inclusion- and Occlusion-Scramblers were superior to the

other tested methods on each benchmark, as the measured KL-divergences were consistently

the lowest and highest, respectively (Figure 6.4).

Figure 6.4: Left: Replacing all but the 20%, 10%, 5% and 2% most important positions per
sequence with random nucleotides. Right: Inversely replacing these highest-scoring positions
with random samples. Measuring prediction KL-divergence against the original sequences.

Figure 6.5 displays example attributions of a relatively weak polyadenylation signal for each

of the tested methods. For the Scrambler, we show both the importance scores S(x) as well

as the scrambled PSSM x̂S .

Figure 6.5: Example attribution of a polyadenylation signal, comparing different methods.

When removing the fixed Gaussian filter from the Scrambler, the network learned oc-

clusion patterns which resulted in more extreme predicted perturbations. However, when

inspecting the generated patterns, they clearly exploited the importance of scattered T’s in

favor of selecting biologically relevant motifs (Figure 6.6).
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Figure 6.6: Example attribution using two different Occlusion-Scramblers (tbits = 1.8 and
1.5 respectively), with and without the Gaussian filter.

In addition to overall reconstructive features, with interpretation methods like SHAP

or DeepLIFT the sign of each feature’s importance score describes whether the feature is

positively or negatively influencing the prediction. Similarly, we can alter the Scrambler

training cost to find the smallest set of features that either maximize or minimize a prediction,

rather than reconstructing it. Specifically, to find positive APA features, we trained the

Scrambler to minimize Equation 6.5. To find negative features, we minimized Equation 6.6.

min
S
−
(

1

K

K∑
k=1

logP(x̂
(k)
S )

)
+ λ ·

(
tbits −

1

N
·KL

[
b̃||x̂S

])2

(6.5)

min
S
−
(

1

K

K∑
k=1

log
(
1− P(x̂

(k)
S )
))

+ λ ·
(
tbits −

1

N
·KL

[
b̃||x̂S

])2

(6.6)

Figure 6.7: Example of Inclusion-Scramblers trained to reconstruct, maximise or minimize
predictions, thus finding overall important, enhancing or repressing motifs, respectively.
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With this approach, we partitioned cis-regulatory elements within polyadenylation sig-

nals into enhancing (e.g., CFIm, HuR, Cstf) and repressive motifs (e.g., ENOX1, RBM4,

PABPN1), in agreement with the known function for these motifs and associated RBPs

(Figure 6.7).

6.3 The Rules of Translation Efficiency in the 5’ UTR

The translation efficiency of mRNA is controlled by complex regulatory logic in its 5’ UTR.

For example, in-frame (IF) start and stop codons exhibit NAND logic by creating an IF

upstream open reading frame (uORF), which represses translation. Sequences with multiple

IF starts and stops can further complicate translational logic by creating NAND-OR hybrid

functions with overlapping IF uORFs.

Figure 6.8: Left: Example attribution in a 5’ UTR with multiple IF stop codons. Right:
Predictive reconstruction in a test set of synthetic IF uORF 5’ UTRs, when only keeping
the 6 most important nucleotides.

We next trained Inclusion-Scramblers to reconstruct the mean ribosome Load (MRL –

a proxy for translation efficiency) of synthetic 5’ UTRs as predicted by the CNN Optimus

5-Prime [130]. To test how well attribution methods detect regulatory involving multiple

components, we generated a synthetic 5’ UTR dataset with one IF start and two IF stops,

creating two overlapping IF uORFs in each sequence. We then measured to what extent the

most important nucleotides of each method reconstructed the CNN predictions (identical to

the benchmark of the previous section). An example 5’ UTR from the test set with multiple
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IF uORFs is shown in Figure 6.8 (left); here, the multiple stops effectively hide one another

from many local attribution methods. These troublesome artifacts are also reflected in the

benchmark comparison (Figure 6.8, right): the Scrambler has a considerably better (lower)

reconstruction error compared to other methods.

The combinatorial nature of out-of-frame start codons (OOF uAUGs) and IF uORFs

complicates variant interpretation in human 5’ UTRs [20, 5, 159]. In Figure 6.9, we interpret

a variant, rs1160558441, which creates an OOF uAUG that Optimus 5-Prime predicts to be

functionally silent. The OOF uAUG is created within an IF uORF which hides its effect,

as either element alone is sufficient to repress translation. Therefore, the variant sequence is

not interpretable by Perturbation as the uAUGs are not found. A Scrambler trained with

a low entropy penalty (tbits = 0.125, λ = 1) detects both possible interpretations. With a

higher penalty (λ = 10), the Scrambler must find a smaller set of salient features and marks

only the OOF uAUG as important, which is sufficient to explain the repression. However,

the Scrambler identifies the subsequence ’ATGA,’ but the trailing adenine is not actually

important for the explanation. The problem is that the number of salient features is highly

variable in any given 5’ UTR, and so a Scrambler trained for a target conservation tbits may

’over-interpret’ some examples.

Figure 6.9: Interpreting a functionally silent mutation (rs1160558441 ) in the 5’ UTR of the
ETHE1 gene, where an OOF uAUG is created in an IF uORF.

To overcome issues with over-interpretation for datasets with a highly variable number of

important features, we apply a per-example fine-tuning step: starting with S(x), we optimize

new scores s by gradient descent which are specific to x and remove excessive features of
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S(x) and maximize the entropy of the PSSM unbounded (Equation 6.7-6.8). Here, the

scrambling equation is reformulated with the expression max[Ṡ(x) − s,0]; this forces the

resulting fine-tuned importance scores to select a subset of the features identified by the

original scores S(x), i.e. the new scores cannot find a new explanation for x.

min
s

(
1

K

K∑
k=1

KL
[
P(x(k)

s )||P(x)
])

+ λ · 1

N
·KL

[
b̃||x̂s

]
(6.7)

x̂s = σ
(

log b̃+ x×max
[
Ṡ(x)− s,0

])
(6.8)

As can be seen for the variant example (Figure 6.9), fine-tuning removes the trailing ’A’.

Importantly, when compared on the ’1 Start / 2 Stop’ benchmark, per-example fine-tuning

applied to the pre-trained Scrambler scores produces more robust attribution results com-

pared to running per-example optimization of importance scores without a Scrambler (Op-

timus 5-Prime MSE after fine-tuning: 0.098; MSE after independent optimization: 0.161).

This is likely because the latter approach can become stuck in local minima and produce

poorly generalizable interpretations (essentially ’overfitting’ to spurious predictor signals).

Sequences with multiple IF uORFs are examples of patterns with redundant salient fea-

ture sets. Scramblers can find multiple salient feature sets such as these with the use of

dropout masks, which disallow specific sequence positions in the retained feature set. Specif-

ically, we let D ∈ {0, 1}N be the dropout mask and apply them to the importance scores

S(x) by element-wise multiplication:

x̂S = σ
(

log b̃+ x× Ṡ(x,D)× Ḋ
)

(6.9)

Importantly, the Scrambler network S also receives D as additional input, allowing the

network to learn to output alternate scores conditioned on which positions were dropped

or enforced. During training, we use random samples of D. After training on randomized

dropout patterns, we can provide hand-crafted patterns at inference time to detect alternate

feature sets of new input examples. With the added dropout mechanism, we obtain a model

capable of dynamically proposing different IF uORFs as attribution solutions (Figure 6.10).
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Without dropout and a low entropy penalty (tbits = 0.125, λ = 1), the Scrambler marks both

IF stops (i.e. both IF uORFs). However, with a higher penalty (λ = 10), the Scrambler

finds a smaller interpretation with only one IF stop. When using dropout patterns to exclude

either of the IF stops, the Scrambler dynamically finds the alternate IF uORF.

Figure 6.10: Finding alternate IF uORFs by separately dropping each of the stops.

6.4 The Determinants of Protein-Protein Interactions

Figure 6.11: The joint and siamese Scrambler architectures.

Finally, we applied Scramblers to interpret predicted interactions for pairs of proteins. This

can be challenging, as proteins are defined along a narrow manifold of stably folded se-
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quences. Any interpretation method must ensure that masked or perturbed sequences stay

in-distribution for predictions to remain accurate. We focused on a set of rationally designed

coiled-coil heterodimers, where binding specificity is induced by hydrogen bond networks

(HBNets) at the dimer interface [105, 27]. Using the designed heterodimers (∼ 180, 000) as

positive training data and a negative set consisting of randomly paired monomers, we trained

a recurrent neural network (RNN) to predict dimer binding (AUC = 0.96 on held-out test

data). With a test set of 480 designed heterodimers, we asked how well attribution methods

could recapitulate HBNet positions.

Figure 6.12: Example attributions of a designed heterodimer binder pair, for a selection of
all the benchmarked methods.

For the DNA attribution tasks of previous sections, the predictors used only one input

sequence. Here, however, each dimerization prediction involves two inputs. Consequently,

there are multiple ways in which to define the Scrambler architecture. We first tested a joint

Occlusion-Scrambler (Figure 6.11, left), which saw both input sequences. This architecture

learned to identify a subset of HBNet positions and hydrophobic residues at the interface
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necessary for binding to its cognate partner (Figure 6.12). We also tested a siamese archi-

tecture, which saw only one input sequence at a time and hence must learn features which

are good determinants of binding specificity independent of the binding partner (Figure 6.11,

right). This architecture learned to identify nearly all HBNets (Figure 6.12).

Figure 6.13: Keeping the top X% residues according to the importance scores of each attri-
bution method and replacing the rest with random amino acids (top), or replacing the top
X% with random amino acids (bottom), measuring prediction KL-divergence.

Figure 6.14: Precision-recall curves for discovering HBNet positions based on the importance
scores of each benchmarked method.
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We then compared these Scrambler architectures to other attribution methods based on

how much the positions with largest absolute-valued score either preserved or perturbed the

RNN predictions (Figure 6.13; tbits = 0.25, Inclusion; tbits = 2.4, Occlusion). The (siamese)

Inclusion-Scrambler and (joint) Occlusion-Scrambler had the best (lowest and highest) me-

dian KL-divergence for these tasks.

Figure 6.15: Benchmark comparison of Scrambler-like methods. Left: KL-divergence bench-
mark based on the predictor RNN. Right: HBNet Discovery Average Precision.

Next, we compared the methods by their ability to discover HBNet positions based on

their importance scores (the ’ground truth’ binding rules). While the joint Scrambler dis-

covered significantly more HBNet positions than other methods – likely because a generative

model trained on many examples learns more generalizable attributions – the siamese Scram-

bler was superior with an average precision of 0.61 (Figure 6.14). These results support the

idea that the siamese architecture learned discriminative features for both interacting and

non-interacting pairs – HBNet residues. The fact that the joint Scrambler had better preci-

sion than per-example attribution methods suggest that using a generative model results in

more generalizable features by overcoming spurious RNN signals. We performed additional

comparisons to other attribution methods in Figure 6.15. We found that the temperature-
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based masking operator of Equation 6.1 consistently outperformed other masks and that

generative interpretations were better than per-example masking approaches.

Figure 6.16: Supplemental comparison between Scramblers and Sufficient Input Subsets (SIS)
with ’hot-deck’ sampled masking. Left: KL-divergence benchmark based on the predictor
RNN, HBNet Discovery Precisions annotated on top of the bar chart. Right: Average number
of predictor queries used to interpret a single input pattern.

Finally, we tested the Scrambler against different versions of the ’hot-deck’ SIS method

[22]: For each iteration of SIS, we sampled a number of background sequences and used these

to mask de-selected features. The mean sample prediction was used as the function value.

Similarly, we varied the number of Gumbel patterns sampled from the Scrambler PSSM

during training (K in Equation 6.2). The Scrambler operated well with few (≥ 4) samples

and consistently outperformed SIS with 32 samples, both in predictive reconstruction and

ground-truth comparisons (Figure 6.16, left). Additionally, the total number of predictor

queries required to interpret the entire dataset with comparable quality was ∼ 70 times

lower than SIS (Figure 6.16, right). Interestingly, using a simple masking scheme such as

mean features resulted in bad interpretations for the dimer RNN predictor.
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Chapter 7

FUTURE DIRECTIONS

In Chapter 3, we presented an approach based on neural networks and MPRAs for learn-

ing to accurately predict a gene-regulatory phenomenon (Alternative Polyadenylation) and

classify disruptive genetic variants. In Chapter 4 and 5, we developed efficient, scalable se-

quence design methods based on activation maximization that supports, rapid, data-driven

biomolecular engineering. Finally, in Chapter 6, we developed an interpretation method suit-

able for sequence-based neural networks that enables attributing DNA-, RNA- and protein

function predictions to features in the primary sequence.

In this chapter, we elaborate on extensions and applications to variant prediction and

molecular sequence design that could potentially improve upon the state-of-the-art in these

areas. First, we discuss augmenting variant prediction pipelines with deep learning models

that are capable of providing uncertainty estimates in addition to point estimates of their

predictions. Second, we briefly explore ideas of combining uncertainty estimation models

with generative networks such as Deep Exploration Networks to support efficient, amortized,

batched Bayesian Optimization. Third, we discuss potential use cases and application areas

for sequence design methods. Finally, we propose an architecture and report initial results

for designing de novo protein binders using activation-maximizing generative networks.

7.1 Variant Prediction with Uncertainty Estimation

Frameworks based on deep learning for inferring the impact of genetic variants often rely on

neural networks that provide point-estimate predictions [1, 173, 17, 28, 68]. For example,

if the predictor P returns a probability prediction P(x) in the range [0, 1], there are two

common proxies for measuring the impact of variant sequence xvar with respect to wildtype
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sequence xwt: (1) We either calculate the change in probability, ∆p = P(xvar) − P(xwt)

or (2) we calculate the log odds ratio (fold change), LOR = P(xvar)/(1−P(xvar))
P(xwt)/(1−P(xwt))

. These point

estimates provide no information about how confident P is in the prediction.

Bayesian Neural Networks (BNNs) were in fact used early on for estimating uncertainty

in the context of variant prediction [166, 165], but have since been abandoned in favor

of very deep neural networks. BNNs are also known to excessively regularize the model,

which is often not desired as it can lead to less accurate predictions. Recently, however,

researchers have started applying modern uncertainty estimation methods, for example based

on ensembles of neural networks, to variant prediction [66]. These methods are compatible

with high-capacity predictors such as residual neural networks and can likely be extended to

many different gene-regulatory functions – splicing, polyadenylation, translation and stability

– without losing predictive power.

These methods provide not only a point-estimate (the mean) prediction µP(x), but also

an uncertainty estimate σP(x) for a given input pattern x. Given these entities, we can re-

frame the variant prediction problem to provide confidence intervals of the estimated effect

sizes. This can increase the trust we place in neural networks for clinical settings and can

also increase our precision in variant prioritization, as we could ignore predictions with low

confidence. However, there are several different techniques for uncertainty estimation in deep

learning, such as adaptive basis regression that uses Bayesian Regression for their final layer

[144], ensembles of neural networks [85] or random weight dropout (DropConnect) [113]. It

is not immediately clear which method would yield the best confidence scores while still

maintaining predictive power, or for that matter if a single method is universally applicable

to all gene-regulatory prediction problems. Hence, systematic evaluation of these methods

will be necessary to determine their usefulness and in which settings they are appropriate.

7.2 Bayesian Optimization and Generative Models

In Section 4.7 and Section 5.5 we used predictor models capable of estimating uncertainty

in their predictions in order to generate more confident sequence designs. Specifically, given
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mean- and uncertainty predictions µP(x) and σP(x), we could use activation maximiza-

tion (or DENs) to maximize µP(x) while minimizing σP(x) according to the Probability-of-

Improvement objective [134].

However, we could also use these types of predictor models to construct efficient design

methods based on Bayesian Optimization (BO). In BO, the goal is still to generate designs

which maximize the fitness objective, but now we are allowed to conduct multiple rounds of

experiments in order to collect new measurements. This paradigm of Active Learning sounds

like a great fit for synthetic molecular biology. However, most (tractable) BO methods

assume that we only collect data for one new candidate design in each round of experiments.

But modern experimental protocols in genomics and proteomics support high-throughput

screening of hundreds of thousands, if not millions, of designs in parallel.

Researchers have recently started to close this gap, for example by developing methods

that rely on large-scale Thompson Sampling to support approximate batched BO [11], but

this research area is still largely unexplored. We hypothesize that we can train a deep gen-

erative model to learn to sample sequences under an approximate BO objective in order to

provide efficient, amortized design. Specifically, we might be able to combine DENs, which

are tailored for generating a large batch of diverse sequence designs, with a BO acquisi-

tion function such as Thompson Sampling or Expected Improvement under the Constant

Liar approximation [50]. For example, if we combine DENs with a predictor model based

on DropConnect and we deterministically tie every generator seed to a specific DropCon-

nect dropout configuration, we would theoretically learn a parametric generative model of

Thompson Sampling.

7.3 Vaccine-, Antimicrobial peptide- and Antibody Design

Machine Learning is beginning to be applied to the design of novel drug molecules, vaccine

development and other important proteins [168]. For example, Amimeur et al. (2020) used

a Generative Adversarial Network (GAN) trained on a naive llama antibody repertoire to

learn the manifold of functional antibody proteins, after which new antibodies could be
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sampled from the GAN and enriched for favorable properties using filtering [3]. Similarly,

Riesselman et al. (2019) used an Autoregressive network to learn the manifold of single-

domain antibody peptides (nanobodies) [127]. It is worth exploring whether DENs, which

provide a more direct optimization and control of diversity, can be helpful for antibody design.

Many of the predictors for the most important antibody properties, such as MHC Class I

and II binding, are already based on deep learning [104, 75], so they are easily integrated in

the DEN pipeline. Furthermore, while designing naive antibodies with improved properties

is useful, the ultimate task is to design antibodies for a specific target. Using DENs, we

could utilize protein structure predictors such as AlphaFold [133] or trRosetta [167] to start

approaching this difficult task as a direct optimization problem.

Beyond antibody design, there have been recent ML-guided efforts to design coronavirus

vaccines [74, 101]. We could similarly apply DENs to this design task, since the core predic-

tive models required, such as predicted display of epitopes by MHC molecules, are based on

deep learning. Another important therapeutic innovation is the development of antimicro-

bial peptides which are effective against antibiotic-resistant bacteria [40]. A DEN approach

could be used to design diverse peptides directly optimized for antimicrobial activity. Finally,

DEN-generated antibody, antimicrobial and vaccine molecules can be validated with low- or

high-throughput experiments using for example cell death, growth or cellular immunology

assays.

7.4 Heterodimer Binder Design with Contrastive Generative Networks

In the design tasks covered so far, fitness has always been defined as a local metric evaluated

independently on each designed sequence. However, many design problems pose global opti-

mization objectives that involve multiple, if not all, designed sequences. An important such

problem is that of protein heterodimer binder design. Here, the goal is to construct a large

set of protein binder pairs, which strongly bind to their cognate partner but have minimal

off-target interactions with other binders. Large orthogonal sets of binders would dramat-

ically accelerate synthetic circuit building inside cells. The current state-of-the-art design
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methods do not, however, globally minimize off-target effects during the initial candidate

design step [27]. Here we propose to take advantage of DENs to do just this.

Figure 7.1: DEN architecture for designing orthogonal heterodimer protein binders (A) and
auxiliary cost functions for maintaining diversity and confidence (B).

minG −λOn · P
[
a(z(1)), b(z(1))

]
+λH ·

(
P
[
a(z(1)),a(z(1))

]
+ P

[
b(z(1)), b(z(1))

])
+λOff ·

(
P
[
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]
+ P

[
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]
+ P

[
b(z(1)),a(z(2))

]
+ P

[
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])
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[
x(z(1)),x(z(2))

]
+λL · CLikelihood

[
Ez[log pVAE(a(z))]

]
+ λL · CLikelihood

[
Ez[log pVAE(b(z))]

]
(7.1)

The architecture is illustrated in Figure 7.1. At each step, the generator produces two

sequences x(z(1)) and x(z(2)) given two seeds z(1), z(2) ∼ U(−1, 1)D as input. Each sequence
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actually encodes a pair of binders (the first half of the sequence is binder one, etc.). Let

a(z(1)) refer to the first binder of seed z(1) and let b(z(1)) refer to the second binder. Given

a differentiable binding affinity predictor P , we can optimize the DEN to maximize the

on-target binding while minimizing off-target effects (Equation 7.1).

Figure 7.2: Computational design of 128 binder pairs. (A) Predicted off- and on-target bind-
ing probabilities using the SVM model of Potapov et al. Left: Trained on randomly sampled
pairs of seeds. Right: Further fine-tuning on a fixed set of seeds. (B) Independent validation
of binding specificity using the model of Fong et al. (C) Predicted average probability that
the designed sequences fold into stable coils, using either an HMM model (Multicoil2) or a
deep neural network (DeepCoil).

As optimization progresses, the DEN will learn to generate binder pairs which, in ex-

pectation over all latent seeds, bind specifically to their cognate partner. To fine-tune the

DEN for a smaller, finite set of binders, we can briefly stop training, sample a fixed set of
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seeds (one for each pair we wish to design), and resume optimization only on those seeds. A

VAE is used to enforce that binders respect some appropriate manifold, for example coil-like

proteins. As in Section 4.6, the VAE likelihood is estimated by importance sampling and

gradients are backpropagated using a ST estimator. Using this approach, we designed a set

of 128 bZIP-like coiled heterodimer binders that were 80 residues long, using the predictor

of [121] for optimization and the one from [47] for validation. The results show that we

can design binders which are predicted to target their partners with high specificity (Fig-

ure 7.2A-B). The binders are also predicted to form stable coils by two independent models

[155, 102] (Figure 7.2C).
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Appendix A

CODE REPOSITORIES AND WEB TOOL

The code, pre-trained models and processed data relevant to Chapter 3 (APARENT), 4

(SeqProp), 5 (Deep Exploration Networks) and 6 (Scramblers) are publicly available online.

See below for links to the corresponding repositories:

• Github repository for APARENT. The processed data is available through this website.

https://github.com/johli/aparent

• Github repository for SeqProp.

https://github.com/johli/seqprop

• Github repository for Deep Exploration Networks.

https://github.com/johli/genesis

• Github repository for Scrambler Networks.

https://github.com/johli/scrambler

In addition to making the code, data and model available, we also developed an interactive

web tool for predicting APA variants based on the model APARENT. This web tool is

available at https://apa.cs.washington.edu/.
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