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ABSTRACT

Proteins are the workhorse molecules of lives. Understanding how proteins function is one
of the most fundamental problems in molecular biology, which can drive a plethora of biological
and pharmaceutical applications. However, the experimental determination of protein mechanisms
is expensive and time-consuming. Such a gap motivates developing computational methods for
protein science. The goal of this thesis is to investigate to what extent machine learning can
uncover the underlying mechanisms of proteins. We concentrate on two primitives: predicting
the 3D structures of protein—protein interactions (called protein docking) and understanding the
protein sequence—function relationships. Accordingly, we organize the thesis as follows:

First, we study protein docking. We introduce Bayesian Active Learning (BAL), the first op-
timization algorithm with uncertainty quantification (UQ) for protein docking. Extensive experi-
ments demonstrated the superior performance of BAL against competitors on both optimization
and UQ. In addition, we generalize BAL into the realm of meta-learning and propose LOIS:
Learning to Optimize in Swarms. LOIS outperforms various optimization algorithms for gen-
eral optimization tasks. Finally, we focus on the scoring problem in protein docking and introduce
Energy-based Graph Convolutional Networks (EGCN) that directly learns energies from graph
representations of docking models, which performed better than competitors.

Second, we focus on understanding the protein sequence—function relationship. We first study
the forward protein function prediction and introduce TALE: Transformer-based protein function
Annotation with joint sequence-Label Embedding. Combining TALE and a sequence similarity-
based method, TALE+ outperformed competing methods when only sequence input is available.
We also study the inverse design and describe our novel conditional autoregressive deep generative
models. By learning the functional embeddings from Gene Ontology (GO) graph as conditional
inputs, our conditional autoregressive models were able to model the distributions of protein se-

quences for given functions.
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1. INTRODUCTION

1.1 Motivation

Proteins are the building blocks of lives. Proteins participate in almost every cellular activity
[3]. For instance, enzyme proteins promote intracellular chemical reactions by providing intricate
molecular surfaces. Membrane proteins transport ions or small molecules across the membrane.
Signal proteins carry signals from one cell to another in order to control and coordinate physio-
logical functions. There are many other proteins that act as antibodies, toxins, elastic fibers, to
name a few. The variety of protein functions is directly attributed to a wide variety of their 3D
structures, which are uniquely determined by their 1D sequences [4]. Therefore, understanding
protein sequence-structure-function relationships can reveal deep insights into how proteins work
and therefore, provide solid foundations for a number of biological and pharmaceutical applica-
tions.

However, as proteins are one of the most structurally complex and functionally sophisticated
molecules, such relationships are of extreme difficulty to learn. First, although Anfinsen et al. well
established the thermodynamics of protein folding that the native state of a protein corresponds
to the system’s lowest Gibbs free energy [4], solving the energy minimization problem theoreti-
cally is daunting due to non-convex energy minimization in the high-dimensional space of protein
conformations (at least thousands of atoms). Secondly, the experimental determination of protein
structures and functions is still low-throughput, which is significantly outpaced by the sequence de-
termination, creating a huge knowledge gap between sequences and their properties. According to
the newest release of UniProt [5] and Protein Data Bank [6], there are around 5.6 x 10° nonredun-
dant sequences manually annotated in Swiss-Prot, and around 1.7 x 10° entries in RCSB Protein
Data Bank, but over two orders of magnitude more (around 1.8 x 10® sequences) are awaiting full
manual annotation in TTEMBL.

The weakness of theoretical and experimental approaches motivates the need of computa-



tional methods for deciphering the protein sequence-structure-function relationships. Over several
decades, template-based methods have become the most popular and successful computational
methods for both structure prediction and function annotation [7, 8, 9, 10], where a protein with
similar sequence to the target and available structure/function is used as the template . The fun-
damental assumption is that similar inputs (sequences) imply similar outputs (structure, function).
However, template-based methods are usually useful in the homologous region where a good ho-
mologous template can be found. When it comes to the “mid-night” zone or even “twilight” zone,
where similarity to known annotated sequences is too low to sustain the assumption, the template-
based methods often failed. Unfortunately, a large portion of sequences are falling in these two
Zones.

The aforementioned gap motivates us to predict protein properties directly from the scratch.
Recently, artificial intelligence, especially machine learning, has revolutionized many fields. For
instance, convolutional neural networks dominate the field of image recognition [11]. Reinforce-
ment learning mastered the game of Go and beat human experts [12]. Attention mechanism [13]
became the state-of-art method for natural language processing (NLP). The success of ML in the
computer vision (CV) and NLP are due to the large-scale datasets and the smartly-designed ML
algorithms/architectures. As protein data is also rich, it has witnessed a growing interests in apply-
ing existing ML algorithms to protein science [14, 15, 16, 17, 18]. Compared to images and texts,
protein data have their unique properties. First, proteins have their unique “grammars”, which are
defined by the chemical and physical interactions within their structures and in the environment.
Second, protein data are multi-modal. Depending on the specific goals, proteins can be repre-
sented as 1D sequences, 2D images, 3D point clouds or graphs. Such unique properties provide
both challenges and opportunities for applying machine learning algorithms to studying protein
science.

Based on the aforementioned vision, in this thesis, we set up one goal and focus on two
primitives: First, our goal is to explore to what extent machine learning can uncover the pro-

tein sequence-structure-function relationship, through designing novel protein-specific machine



learning models. Second, towards the goal we concentrate on two primitives: predicting the 3D
structures of protein complexes (called protein docking) and understanding the protein sequence—

function relationship.
1.2 Summary of Contributions

In the end, we summarize our contributions:

* First, we make contributions in optimization for protein docking. We introduce a novel al-
gorithm, Bayesian Active Learning (BAL) [19], for optimization and uncertainty quantifica-
tion (UQ) of black-box functions with applications to flexible protein docking. BAL directly
models the posterior distribution of the global optimum (i.e. native structures) with active
sampling and posterior estimation iteratively feeding each other. BAL significantly improves
against starting points from rigid docking and refinements by particle swarm optimization.
Quality assessment empowered with UQ leads to tight quality intervals. BAL’s estimated
probability of a prediction being near-native achieves binary classification AUROC at 0.93
and AUPRC over 0.60 (compared to 0.50 and 0.14, respectively, by chance), which also im-
proves ranking predictions. This study represents the first UQ solution for protein docking,
with rigorous theoretical frameworks and comprehensive empirical assessments. Moreover,
we demonstrate the power of BAL on several experimental applications. We have used BAL
for modelling the homodimer surface of the CD44 glycoprotein on cancer stem cells [20],
the inter cellular Adhesion Molecule 1 ICAMI1) [21], and the heterdimer interface between

CD44 and the P21-activated kinase 2 (PAK2) [22].

* Second, we generalize the idea of BAL into meta-learning for general optimization prob-
lems. We propose Learning to Optimize in Swarms (LOIS) [23]. LOIS learns in the al-
gorithmic space of both point-based and population-based optimization algorithms. The
meta-optimizer targets at a meta-loss function consisting of both cumulative regret and en-
tropy. Specifically, we learn and interpret the update formula through a population of LSTMs

embedded with sample- and feature-level attentions. Meanwhile, we estimate the posterior



directly over the global optimum and use an uncertainty measure to help guide the learning
process. Empirical results over non-convex test functions and the protein-docking applica-

tion demonstrate that this new meta-optimizer outperforms existing competitors.

Third, we study the second challenge in protein docking: scoring. We represent protein and
complex structures as intra- and inter-molecular residue contact graphs with atom-resolution
node and edge features. And we propose a novel graph convolutional kernel that aggre-
gates interacting nodes’ features through edges so that generalized interaction energies can
be learned directly from 3D data. The resulting energy-based graph convolutional networks
(EGCN) [24] with multihead attention are trained to predict intra- and inter-molecular en-
ergies, binding affinities, and quality measures for encounter complexes. Compared to a
state-of-the-art scoring function for model ranking, EGCN improves ranking for a critical

assessment of predicted interactions (CAPRI) test set involving homology docking.

Fourth, we switch to the second primitive, and focus on sequence-based protein function pre-
diction. We propose a novel deep learning model, named Transformer-based protein function
Annotation through joint sequence—Label Embedding (TALE) [25]. TALE embed protein
function labels (hierarchical GO terms on directed graphs) together with inputs/features (se-
quences) in a joint latent space. Combining TALE and a sequence similarity-based method,
TALE+ outperformed competing methods when only sequence input is available. It even
outperformed a state-of-the-art method using network information besides sequence, in two
of the three gene ontologies. Furthermore, TALE and TALE+ showed superior generaliz-
ability to proteins of low homology and never/rarely annotated novel species or functions
compared to training data, revealing deep insights into the protein sequence—function rela-

tionship.

Lastly, we study the inverse function-to-sequence relationship. Specifically, we focus on
designing functional protein sequences and predicting the effect of sequence variants. To

achieve this, we first propose a novel graph embedding method for embedding the Gene On-



tology graphs using both node descriptions and graph topology. We then propose a condi-
tional autoregressive model for predicting the distributions of protein sequences given func-
tions. We first assess our model in mutational effect prediction. By fine-tuning on the dataset
within each protein family, our model can beat the state-of-the-art alignment-free method in
35 out of 40 cases. We then assess the generated sequences of our fine-tuned model on
a specific DNA binding domain. We found our model can not only generate natural-like,
functional-relevant sequences, but also generate more diverse sequences than the natural
ones, therefore, our model shows the potential of expanding the existing sequence space for

given functions within the biological constraints of such functions.
1.3 Outline
The rest of the thesis is organized as follows:

* From Chapter 2 to Chapter 4, we will focus on our first primitive: protein docking. Specifi-

cally,

— In Chapter 2, we will study the optimization and uncertainty quantification of protein
docking. We will introduce the Bayesian Active Learning (BAL) for optimization and

uncertainty quantification on protein docking.

— In Chapter 3, we will extend the BAL into meta-learning and introduce Learning to

Optimize in Swarms (LOIS).

— In Chapter 4, we will study the scoring problem in protein docking and propose Energy-

based Graph Convolutional Networks (EGCN).

* From Chapter 5 to Chapter 6, We will focus on our second primitive: protein sequence—

function relationship. Specifically,

— In Chapter 5, we will study the forward problem of sequence-to-function prediction
and introduce TALE, short for Transformer-based protein function Annotation through

joint sequence—Label Embedding.



— In Chapter 6, We will study the inverse problem of function-to-sequence design and
describe our conditional autoregressive generative model for predicting the effect of

protein variants and generating protein sequences for specific functions.

* In Chapter 7, we will conclude the thesis and propose the future work. We will also talk

about the broader impact of this thesis.



2. Optimization and Uncertainty Quantification in Protein Docking*

2.1 Preface

Protein-protein interactions underlie many cellular processes, which has been increasingly re-
vealed by the quickly advancing high-throughput experimental methods. Structural information
about these interactions often helps reveal their mechanisms, understand diseases, and develop
therapeutics. However, compared to the binary information about which protein pairs interact, the
structural knowledge about how proteins interact remains relatively scarce [26]. Protein docking
helps close such a gap by computationally predicting the 3D structures of protein-protein com-
plexes given individual proteins’ 1D sequences or 3D structures [27].

We focus on Ab initio protein docking, where only two individual unbound structures/homologs
are used without the complex template. Based on the thermodynamic theorem [4], the native
structure of protein complex stays at the lowest Gibbs free energy. Therefore, Ab initio protein
docking is often recast as an energy minimization problem. This poses a great challenge in protein
docking: optimization, where the task is aiming at finding the native structure given the energy
function.

In this chapter, we study the optimization challenge in protein docking. To the end, we propose
a novel optimization algorithm with uncertainty quantification (UQ) for protein docking: Bayesian

Active Learning (BAL).
2.2 Introduction

As discussed before, Ab initio protein docking can be regarded as an energy (or other objective
functions) optimization problem. Usually, for the type of objective functions relevant to protein

docking, neither the analytical form nor the gradient information would help global optimization as

*Reprinted with permission from “Bayesian Active Learning for Optimization and Uncertainty Quantification in
Protein Docking” by Yue Cao and Yang Shen, 2020. J. Chem. Theory Comput, 16, 8, 5334-5347. COPYRIGHT
2020 AMERICAN CHEMICAL SOCIETY.



the functions are non-convex and extremely rugged thus their gradients are too local to inform the
global landscapes. So the objective functions are often treated as de facto “black-box’ functions for
global optimization. Meanwhile, these functions are very expensive to evaluate. Various protein-
docking methods, especially refinement-stage methods, have progressed to effectively sample the
high-dimensional conformational space against the expensive functional evaluations [28, 29, 30,
31, 32, 33, 34].

While solving such optimization problems still remains a great challenge, quantifying the un-
certainty of numerically-computed optima (docking solutions) is even more challenging and has
not been addressed by any protein-docking method. Even though the uncertainty information is
much needed by the end users, current protein-docking methods often generate a rank-ordered list
of results without giving quality estimation with uncertainty to individual results and without pro-
viding the confidence in whether the entire list contains a quality result (for instance, a near-native
protein-complex model with iRMSD < 4 A).

Uncertainty quantification (UQ), if addressed, would lead to two benefits. First, for individual
optimization trajectories, uncertainty awareness would improve the robustness of their optimiza-
tion outcomes. Second, uncertainty of the solutions can be easily fed to any quality assessment
tools for distributions rather than point estimates of some quality of interest (very often iRMSD);
and comparing these distributions would provide more robust model ranking across trajectories.

In this study, we introduce a rigorous Bayesian framework to simultaneously perform function
optimization and uncertainty quantification for expensive-to-evaluate black-box objective func-
tions. To that end, our Bayesian active learning (BAL) iteratively and adaptively generates samples
and updates posterior distributions of the global optimum. Specifically, we propose a posterior in
the form of the Boltzmann distribution building upon a non-parametric kriging regressor and a
novel adaptive-annealing schedule. The iteratively updated posterior carries the belief (and uncer-
tainty as well) on where the global optimum is given historic samples and guides next-iteration
sampling, which presents an efficient data-collection scheme for both optimization and UQ. Com-

pared to typical Bayesian optimization methods [35] that first model the posterior of the objective



function and then optimize the resulting functional, our BAL framework directly models the pos-
terior of the global optimum and overcomes the intensive computations in both steps of typical
Bayesian optimization methods. Compared to another work [36] that also models the posterior of
the global optimum, Nonparametric Conjugate Prior Distribution (or NCPD in short), we provide
both theoretical and empirical results that our BAL has a consistent and unbiased estimator as well
as a global uncertainty-aware and dimension-dependent annealing schedule.

We also make innovative contributions in the application domain of protein docking. Specif-
ically, we design a machine learning-based objective function that estimates binding affinities for
docked encounter complexes as well as assesses the quality of interest, iIRMSD, for docking re-
sults. And we re-parameterize the search space for both external rigid-body motions [37] and
internal flexibility [30], into a low-dimensional homogeneous and isotropic space suitable for
high-dimensional optimization, using our (protein) complex normal modes (c(NMA) [38]. Con-
sidering that protein docking refinement often starts with initial predictions representing separate
conformational clusters/regions, we use estimated local posteriors over individual regions to con-
struct local and global partition functions; and then calculate the probability that the prediction
for each conformation, each conformational cluster, or the entire list of conformational clusters is

near-native.

2.3 Bayesian Active Learning for Optimization and Uncertainty Quantification in Protein

Docking
2.3.1 Mathematical Formulation

We consider a black-box function f(x) (e.g. AG, the change in the Gibbs free energy upon
protein-protein interaction) that can only be evaluated at any sample with an expensive yet noisy
observation y(x) (e.g. modeled energy difference or scoring function for conformation ). Our
goal in optimization is

" = argmin f(x)



(e.g. «* denotes the native structure of a protein complex and X denotes the domain of sample
space for conformations). And our goal in uncertainty quantification is the probability distribu-
tion of o* around its prediction &, rather than the single point estimation @ itself (in which the
distributions is equivalent to an impulse function at ).

Once the uncertainty of the solution is quantified, the uncertainty of the solution quality can be
subsequently derived. A summary of the latter is simply the probability that the prediction & falls

in an interval [Ib, ub] of quality relative to x*:

where 1 — o is the confidence level; [Ib, ub] is the confidence interval in the solution quality; and
Q(-, ), the quality of interest measuring some distance or dissimilarity, can be an Euclidean norm
(as in our assessment for test functions), another distance metric, or other choices dependent on
the user (for instance, iRMSD as in our assessment for protein docking with ub = 4 A). Note that

Q(-, ) can be any quality assessment (QA) tool that does not assume the knowledge of x* as well.
2.3.2 Bayesian active learning with a posterior of x*

We address the problem above in a Bayesian perspective: instead of treating x* as a fixed
point, we model «* as a random variable and construct its probability distribution, p(x*|D), given
samples D = {(x,y)}. This probability distribution, carrying the belief and the uncertainty on
the location of «*, is a prior when D = & (no sample) and a posterior otherwise. Considering
the cost of function evaluation, we iteratively collect new samples in iteration ¢ (where all samples
collected by the end of the ¢-th iteration are denoted D*)) based on the latest estimated posterior,
p(x*|D~1); and we update the posterior p(x*|D®) based on D®. An illustration of the iterative
approach is given in Fig. 2.1.

For optimization, we set & to be the best sample with the lowest y value given a computational
budget (reflected in the number of samples or iterations). For UQ, given the posterior p(z*|D®) in

the final iteration, one can propagate the inferred uncertainty in * forwardly to that in the quality
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Figure 2.1: Illustration of the Bayesian active learning (BAL) algorithm. (A): A typical energy
landscape projected onto the first principal component (PC1) just for visualization, using all sam-
ples collected. The dashed line indicates the location of the optimal solution. (B)-(D): The samples
(dots) and the kriging regressors (light curves) in the 1st, 4th and 10th iteration, respectively. Sam-
ples are colored from cold to hot for increasing iteration indices and those in the same iteration
have the same color. (E): The entropy (measuring uncertainty) of the posterior reduces as the
number of samples increases. Its quick drop, as the number of samples increases from 30 to 100,
corresponds to a drastic change of the kriging regressor, which suggests increasing exploitation
in possible function basins. After 100 samples, the entropy goes down more slowly, echoing the
smaller updates of the regressor. (F)-(H): The corresponding posterior distributions for (B)-(D),
respectively.
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of interest, Q (&, *), for the found &, using techniques such as Markov chain Monte Carlo.
2.3.3 Non-parametric posterior of x*

We propose to use the Boltzmann distribution to describe the posterior

A

p(@|DY) o exp(—p - f())

where f(x) is an estimator for f(z), and p is a parameter (sometimes =7 where R is the gas

constant and 7' the temperature of the molecular system).
To iteratively guide the expensive sampling and balance between exploration and exploitation
in a data efficient way, we choose p to follow an adaptive annealing schedule over iteration ¢:

pe = po - exp((h{™")'n

o~

)

where py, the initial p, is a parameter; h;(,t_l) is the (continuous) entropy of the last-iteration pos-
terior, a shorthand notation for h(p(x*|D*~Y)); n, = |DW| is the number of samples collected so
far; and d is the dimensionality of the search space X.

This annealing schedule is inspired by the adaptive simulated annealing (ASA) [39], especially
the exponential form and the nté term. However, we use the (hét_l) )~! term rather than a constant as
in ASA so that we exploit all historic samples D*). In this way, as the uncertainty of =* decreases,
p: increases and shifts the search toward exploitation.

The function estimator f (x) also updates iteratively according to the incrementally increasing

n; samples DO = {(x;,y:) }it,. We use a consistent and unbiased kriging regressor [40] which is

known to be the best unbiased linear estimator (BLUE):
fl@) = fol@) + (V@) (KY + D) " - £y)

where fo(z) is the prior for E[f(x)]; &) (x) € R™ is the kernel vector with the ith element

being the kernel, a measure of similarity, between & and &; € D®; K e R"*" is the kernel
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matrix with the (i, j) element being the kernel between ; € D® and &; € D; y® and fL"
are the vector of y1,...,yn, and fo(xy), ..., fo(x,, ), respectively; and € reflects the noise in the
observation and is estimated to be 2.1 as the prediction error for the training set.

We derive the kriging regressor in Appendix A.3. We will use the regressor to evaluate binding

energy and estimate iIRMSD for UQ over multiple regions in Sec. 2.3.2.9.
2.3.4 Adaptive sampling based on the latest posterior

For a sequential sampling policy that balances exploration and exploitation during the search
for the optimum, we choose Thompson sampling [41] which samples a batch of points in the ¢-th
iteration based on the latest posterior p(z*|D*~1). This seemingly simple policy has been found
to be theoretically [42] and empirically [43] competitive compared to other updating policies such
as Upper Confidence Bound [35]. In our case, it is actually straightforward to implement given the
posterior on x*.

There are multiple reasons to collect in each iteration a batch of samples rather than a single
one. First, given the high dimension of the search space, it is desired to collect adequate data
before updating the posterior. Second, the batch sampling weakens the correlation among samples
and make them more independent, which benefits the convergence rate of the kriging regressor.
Last, parallel computing could be trivially applied for batch sampling, which would significantly
improve the algorithm throughput.

Fig. 2.1 gives an illustration of the algorithm behavior. The initial samples drawn from a
uniform distribution leads to a relatively flat posterior whose maximum is off the function optimum
(Fig. 2.1F). As the iteration progresses, the uncertainty about the optimum gradually reduces(Fig.
2.1E) and newer samples are increasingly focused (Fig. 2.1C,D) as the posteriors are becoming
narrower with peaks shifting toward the function optimum (Fig. 2.1G,H).

In our docking study, d = 12 for a homogeneous space spanned by complex normal modes (see
Sec. 2.3.2.7). We construct a prior and collect 30 samples in the first iteration and 20 in each of the
subsequent iterations. We limit the number of iterations (samples) to be 31 (630) for optimization

and posteriors as a way to impose a computational budget (6—13 CPU hours for protein complexes
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of typical sizes). The reason is that it costs minutes to locally minimize each conformational sam-
ple using CHARMM [44] and remove bond distortions in flexible perturbations, before energies
can be evaluated. More samples, albeit more expensive, would improve the quality of energy
minimization and posterior estimation. At the end of all iterations, an additional set of 1,000,000
samples will be generated according to the final posterior, for quality estimation and uncertain
quantification of the final prediction. Note that these 1,000,000 samples do not drive the optimiza-
tion process and do not need to be locally minimized anymore; and this stage of post-optimization

UQ costs about a CPU hour.
2.3.5 Kernel with customized distance metric

The kernel in the kriging regressor for the posterior is a measure of similarity. For test functions
defined in an Euclidean space, we use the radial basis function (RBF) kernel:

Hwi—@‘jHQ

k(x;, ;) = exp(— ST

),

where ||x; — x;||, a measure of dissimilarity, is the Euclidean distance and [, the bandwidth of
the kernel, is setas [ = [ - nt‘% following [45, 45]. [y, dependent on search space, is set at 2.0 for
docking without particular optimization.

For protein docking we replace the Euclidean distance in the RBF kernel with the interface
RMSD (iRMSD) between two sample structures. iRMSD captures sample dissimlarity relevant to
function-value dissimilarity and is independent of search-space parameterization. For this purpose,
we also have to address two technical issues. First, protein interface information is determined by
* and thus unknown. We instead use the putative interface seen in the samples. Each iRMSD is
calculated using the same set of C', atoms, the union of interface C', atoms derived from 50 random
perturbations of the starting structure (see more details in the SI Sec. 2.4 of [19]). Second, kernel
calculation with iRMSD is time consuming. The time complexity of iRMSD calculation is O(NV)
and that of regressor update is O(Nn?), where N, the number of interfacial atoms, can easily reach

hundreds or thousands, and 7, the number of samples, can also be large. To save computing time,
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we develop a fast RMSD calculation method that reduces its time complexity from O(/N) down to

O(1) (see details in SI Sec. 2.1 of [19]).
2.3.6 Related methods

Current Bayesian optimization methods typically model the posterior distribution of f(x)
rather than that of * = arg mingcy f(x) directly. After modeling the posterior distribution over
the functional space (a common non-parametric way is through Gaussian processes), they would
subsequently sample the functional space and optimize sample functions. For instance, [46] used
Monte Carlo sampling; and [47] discretized the functional space to approximate the sample paths
of Gaussian processes using a finite number of basis functions then optimized each sample path
to get one sample of x*. The two-step approach of current Bayesian optimization methods in-
volve intensive sampling and (non-convex) optimization that is computationally intensive and not
pragmatically useful for protein docking.

To our knowledge, [36] presented the only other study that directly models the posterior distri-
bution over the optimum [36]. Both their method NCPD and our BAL fall in the general category
of Bayesian optimization and use consistent non-parametric regressors. However, we prove in
Sec. 1.2 of Appendix A that their regressor is biased whereas our kriging regressor is unbiased.
We explain in Sec. 1.1 of the Appendix A that their annealing schedule (temperature control)
only considers the pairwise distance between samples without location awareness and is indepen-
dent of dimensionality d; whereas ours has a term involving location-aware global uncertainty and
generalizes well to various dimensions. Beyond those theoretical comparisons, we also included
empirical results to show the superior optimization and UQ performances of BAL.

The rest of the Materials and Methods section involve methods specific to the protein docking
problem: parameterization, dimensionality reduction, and range reduction of the search space X’;
machine learning model as y(x), i.e., an energy model for encounter complexes; quality assess-
ment with uncertainty quantification for a predicted structure or a list of predictions; and the use of

such assessment metrics for scoring purposes: ranking predictions or classifying their nativeness.
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2.3.7 Conformational Sampling in X

In protein docking the full search space X captures the degrees of freedom for all atoms in-
volved. Let one protein be receptor whose position is fixed and the other be ligand (the larger
one is often chosen as the receptor, as done in a protein-docking benchmark set [48]). And let
Ng, Np, and N be the number of atoms for the receptor, the ligand, and the complex respectively.
Then X = R*M~0 is a Euclidean space whose dimension easily reaches 10* for a small protein
complex without surrounding solvent molecules. If accuracy is sacrificed for speed, proteins can
be (unrealistically) considered rigid and X = SFE(3) = R? x SO(3) is a Riemannian manifold
[49] of ligand translations and rotations. Docking methods fall in the spectrum between these two
ends that are represented by all-atom molecular dynamics and FFT rigid docking, respectively. For
instance, one can consider locally rigid pieces of a protein rather than a globally rigid protein, then
X becomes the product of many SF(3) for local rigidity [50]; or one can model individual pro-
teins’ internal flexible-body motions using normal modes on top of the ligand rigid-body motions,
thus X becomes the product of R¥ (where K < Ng,) and SE(3) [29].

From the perspective of optimization and UQ, both the high-dimensionality of R3¥~6 and
the geometry of the lower-dimensional manifold present challenges. Almost all dimensionality
reduction efforts in protein docking impose conditions (such as aforementioned local or global
rigidity) in the full Euclidean space and lead to embedded manifolds difficult to (globally) optimize
over. The challenge from the manifold has been either disregarded in protein docking or addressed
by the local tangent space [49, 37, 50].

Could and how could the dimensionality of the conformational space be reduced while its
geometry maintains homogeneity and isotropy of a Euclidean space and its basis vectors span con-
formational changes of proteins upon interactions? In this subsection we give a novel approach to
answer this question for the first time. In contrast to common conformational sampling that sepa-
rates internal flexible-body motions (often Euclidean) and external rigid-body motions (a manifold)
[32], we re-parameterize the space into a Euclidean space spanned by complex normal modes [38]

blending both flexible- and rigid-body motions. The mapping preserves distance metric in the
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original full space. We further reduce the dimensionality and the range in the resulting space[51].

Complex normal modes blend flexible- and rigid-body motions We previously introduced
complex normal mode analysis, cNMA [38], to model conformational changes of proteins during
interactions. Using encounter complexes from rigid docking, cNMA extends anisotropic network
model (ANM) to capture both conformational selection and induced fit effects. After the Hessian
matrix is projected to remove the rigid-body motion of the receptor, its non-trivial eigenvectors
pi (5 = 1,...,3N — 6) form orthonormal basis vectors. We showed that p?, the components
of the complex normal modes, better capture the direction of individual proteins’ conformational
changes than conventional NMA did [38]. We also showed that the re-scaled eigenvalues for these
components, )\;Q = H;\W can be used to construct features for machine learning and predict the
extent of the conformational changes.

Dimensionality reduction In this study we focus on the motions of a whole complex rather than
individual proteins and develop sampling techniques for protein docking. Each complex normal
mode [38] simultaneously captures concerted flexible-body motions of individual proteins (re-
ceptor and ligand) and rigid-body motion of the protein whose position is not fixed (ligand). Such
modes together span a homogeneous and isotropic Euclidean space where the distance between two
points is exactly the RMSD between corresponding complex structures. The Euclidean space is
friendly to high-dimensional optimization. In this study, complex normal modes are pre-computed
using the starting structure of each conformational cluster and not updated while sampling the
cluster to save computational costs.

For dimensionality reduction in the resulting space, we choose the first /; non-trivial eigen-
vectors p; ranked by increasing eigenvalues A;; and we additionally include K, p; (not in the first
K1) ranked by increasing )\f (A rescaled using the receptor’s contribution to this complex normal
mode g, [38]). In other words, we sample in a (K; + K3)-dimensional Euclidean space spanned
by complex normal modes and denote the set of basis vectors as 3. K of these complex normal
modes are the slowest for the whole complex (judging by A;) and the rest K, different ones are the

slowest for the receptor portion of the complex (judging by /\f). In this study K and K, are set
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at 9 and 3, respectively, leading to the dimension of the reduced space to d = 12. Empirically, we
find that the first 9 non-trivial complex normal modes often contain six with dominant rigid-body
motions of the ligand and three with dominant ligand flexibility; and the other 3 in the basis set
are, by definition, with dominant receptor flexibility. .

Our framework of Bayesian active learning, using kernels in its unbiased kriging regressor, is
applicable to any choice of the basis set B. Naturally, it faces more challenge in optimization, let
alone uncertainty quantification, as the dimensionality of B increases (see empirical results for test
functions in Sec. 2.3.3.1). Although current basis vectors are low-frequency backbone flexibility
derived from normal mode analysis, more vectors can be considered for the set 13, such as higher-
frequency normal modes, local conformational rearrangements including loop and helix motions,
and large conformational changes such as hinge motions. In this work, side-chain flexibility is

considered by locally minimizing every conformational sample .

Range reduction For range reduction in the dimension-reduced space, we perturb a starting
complex structure Cy € R3N-6 along aforementioned basis vectors to generate sample ¢ while

enforcing a prior on the scaling factor s in the first iteration. Specifically

C C()+ZT]\/_ Hj

jEB

where r;, the coefficient of the jth normal mode p;, is uniformly sampled on S¢, the surface of a

d-dimensional standard sphere with a unit radius. The scaling factor s is given by

TR

s =

\/NTzJ% \/_ p’]

where 7 is the estimated conformational change (measured by RMSD in all C,, atoms) between
the unbound and the bound receptor. Note that vectors u? (the receptor portion of the jth complex
normal mode) are not orthonormal to each other.

We previously predicted 7 by a machine learning model giving m)R, a single value for
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each receptor [51]. Here we replace mR with a predicted distribution by multiplying it to a
truncated normal distribution N(u = 0.99, 0% = 0.31%) within [0, 2.5]. The latter distribution is
derived by fitting the ratios between the actual and the predicted values, RMSDyg / m)R, for 50
training protein complexes (see more details about datasets in Sec. 2.7 and those about distribution
fitting in Sec. 2.2 of the SI of [19]). Therefore, our parameterization produces x = s - r € R?
whose prior is derived as above.

Since the ligand component of complex normal modes include simultaneous flexible- and rigid-
body motions, conformational sampling could lead to severely distorted ligand geometry. We thus

further restrict the ligand perturbation A, (flexible- and rigid-body together) to be within A},

1 s —
AL = 1/—2@— -y <AL
M VA

where ,u;“ denotes the ligand portion of the jth complex normal mode.

We set Ap at 6 A according to the average size of binding energy attraction basins seen in
conformational clusters [52]. For samples generated from the aforementioned prior or the updated
posterior, we reject those violating the ligand perturbation limit. We discuss about the feasibility
of the search region in SI Sec. 2.3 of [19].

Every conformational sample, generated through sampling the prior or the iteratively-updated
posteriors of «*, is locally minimized through CHARMM|[44] to remove possible bond distortions
before energy evaluation. This setting could be changed in future, along with energy models, to
reduce the cost of energy evaluation for each sample, allow for more samples, and improve energy

minimization and posterior estimation.
2.3.8 Energy Model y(x)

We have so far introduced search strategies for functions defined in a Euclidean space or specif-
ically for protein docking. Energy models y(x) are at least as important as search strategies for
protein docking. In fact, an improved search strategy might expose more deficiencies of energy

models, such as false-positive energy wells. We therefore have developed a “funnel-like” energy
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model to not only mitigate the issue but also to estimate model quality (IRMSD) of encounter

complexes.

Binding affinity prediction for sampled encounter complexes We introduce a new energy
model based on binding affinities K;(x) of structure samples x that are often encounter complexes.
The model assumes that K7, correlates with K, the binding affinity of the native complex, and
deteriorates with the increase of the sample’s iRMSD (the encounter complex being less native-
like):

K)(x) = K, - exp(a - (IRMSD(x))9),

where o and ¢ are hyper-parameters optimized through cross-validation. In other words, we as-
sume that the fraction of binding affinity loss is exponential in a polynomial of iRMSD. Therefore,

the binding energy, a machine learning model y(x; w) of parameters w can be represented as

y(z;w) = RTIn(K)(z))
— RTIn(K,)+ RTa - (IRMSD(x))"

iRMSD prediction for sampled encounter complexes Given an observed or regressed y(x)
value for an encounter complex sample, one can estimate iRMSD(x) with given K using the

equation above inversely, which provides quality assessment (QA) without native structures.

Machine learning We train machine learning models, including ridge regression with linear or
RBF kernel and random forest, for y(x; w). The 8 features include changes upon protein inter-
action in energy terms such as internal energies in bond, angle, dihedral and Urey-Bradley terms,
van der Waals, non-polar contribution of the solvation energy based on solvent-accessible surface
area (SASA), and electrostatics modeled by Generalized Born with a simple SWitching (GBSW),
all of which are calculated in a CHARMM?27 force field.

We use the same training set of 50 protein pairs (see details in SI Sec. 2.5 of [19]) as in
predicting the extent of conformational change. From rigid docking and conformational sampling

we generate 13,004 complex samples for 50 protein pairs, including 6,464 near-native and 6,540
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worse examples in the training set. We balance the near-native and non-near native samples in order
to make the binding-energy model, as well as the resulting posterior estimation and uncertainty
quantification, focus on near-native or slightly worse encounter complexes as opposed to those
with very high iRMSD (say, above 10 A). Hyper-parameters of ridge regression with RBF kernel
as well as random forest are optimized by cross-validation. And model parameters w are trained
again over the entire training set with the best hyper-parameters. More details can be found in Sec.
2.6 of the SI of [19]. For the assessment, we use the test set a of 26 protein pairs (again in SI Sec.
2.5 of [19]) and generate 20 samples similarly for each of the 10 initial docking results for each

pair, leading to 5,200 cases.
2.3.9 Quality Assessment with Uncertainty Quantification for Protein Docking

A unique challenge to protein docking refinement is that, instead of optimization and UQ in a
single region X', we may do so in K separate ones X; (¢ = 1, ..., K) where each A is a promising
conformational region/cluster represented by a initial docking result. This is often necessitated by
the fact that the extremely rugged energy landscape is populated with low-energy basins separated
by frequent high-energy peaks in a high-dimensional space, thus preferably searched over multiple
stages [53].

One benefit of UQ for protein docking results is to determine, for each @; — the prediction in

X; (the ith structure model), its quality bounds [[b, ub] such that

P(b<Q(z;,x") <ub) =1-o0,

where the quality of interest (&, *) here is iRMSD between a predicted and the native structure
and 1 — o is a desired confidence level. Again, (-, -) can be any quality assessment (QA) function
that does not necessarily need information about the native structure =*. We used our iRMSD
predictor in this study.

To that end, we forwardly propagate the uncertainty from x* (native structure) to iRMSD,

given the final posterior p(z*|D®) in individual regions (local posteriors). Specifically, we gen-
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erate 1,000,000 samples following the local posterior using Markov chain Monte Carlo, evaluate
their binding energies using the kriging regressor, and estimate their iRMSD using our binding
affinity prediction formula inversely (as described in Sec. 2.3.2.9). We then use these sample
iIRMSD values to determine confidence intervals [[b, ub] for various confidence score 1 — o so that

P(iRMSD < Ib) = P(iRMSD > ub) = ¢/2.

Confidence scores for near-nativeness We next calculate the probability that a prediction &; is
near-native, i.e., P(Q(&;, x*) < 4 A) [54]. Calculating this quantity would demand the probability
that the native structure lies in the ith conformational region / cluster, P(x* € X;) (P(X;) in short)
as well as that the probability that it lies in all the K regions, P(z* € UK, X;) (P(Uk) in short).

By following the chain rule we easily reach

P(iRMSD(z;, z*) < 4)
= P(iRMSD(Z;, ") < 4|X;) P(X;|Uk) P(Uk)

Here we use the fact that {z* € X;} C {z* € UX X} and assume that {iRMSD(&;, z*) < 4} C

{x* € X;} (the range of conformational clusters in iRMSD is usually wider than 4 A).

We discuss how to calculate each of the three terms for the product.

P(iRMSD(&;,z*) < 4|X;) If the native structure * (unknown) is contained in the ith re-
gion/cluster X, what is the chance that the predicted structure &; (known) is within 4 A? We again
use forward uncertainty propagation starting with the local posterior p(x*|D;) in X;. We sample
100,000 structures following the posterior with Markov chain Monte Carlo, calculate their iRMSD
to the prediction &;, and empirically determine the portion within 4 A for the probability of interest

here. Notice that the native interface is unknown thus the putative interface is used instead.
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P(X;|Uk) If the native structure is contained in at least one of the K regions, what is the

chance that it is in X;? Following statistical mechanics, we reach

NN

[, P~ g ) da
Zle fmGXJ‘ exp(—gp fi(®))da

where Z; and Z are local and global partition functions, respectively; and ﬁ(m) is the final kriging
regressor. Different regions are assumed to be mutually exclusive. The integrals are calculated by
Monte Carlo sampling.

Another approach is to replace % above with p;, the final p for temperature control in AX;.
In practice we did not find significant performance difference between the two approaches, partly
due to the fact that final p; in various clusters / regions reached similar values for the same protein

complex.

P(Ugk) What is the chance that the native structure is within the union of the initial regions,
i.e., at least one initial region or model is near-native? The way to calculate P(Uk) is very similar
to that in uncertainty quantification. Specifically, 100,000 structures are sampled following the
posterior of each region A&, evaluated for binding energy using the kriging regressor ﬁ(w), and
estimated with iRMSD using the binding affinity predictor formula inversely. We empirically
calculate the portion g; in which sample iRMSD values are above 4 A. Assuming the independence
among regions with regards to near-nativeness, we reach P(Ux) = 1 — Hfi 1 ¢;- However, if
conformational regions &, presumed to be separate before search, are overlapping afterwards,
1— Hfil ¢; would underestimate P(Uk ). One possible approach to address the issue, which could

sacrifice optimization, is to introduce constraints on &; and keep them separate during search.
2.3.10 Data sets

We use a comprehensive protein docking benchmark set 4.0 [48] of 176 protein pairs that di-
versely and representatively cover sequence and structure space, interaction types, and docking

difficulty. We split them into a training set, test sets a and b with stratified sampling to preserve
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the composition of difficulty levels in each set. The “training" set is not used for tuning BAL pa-
rameters. Rather, it is just for training energy model (y(x; w) in Sec. 2.3.2.8) and conformational-
change extent prediction (7 in Sec. 2.3.2.7). The training and test a sets contain 50 and 26 pairs
with known K; values [55], respectively. And the test set b contain 100 pairs with K ; values
predicted from sequence alone [56].

We also use a smaller yet more challenging CAPRI set of 15 recent CAPRI targets [51]. Unlike
the benchmark set for unbound docking, the CAPRI set contains 11 cases of homology docking,
8 of which start with just sequences for both proteins and demand homology models of struc-
tures before protein docking. Compared to the benchmark test set of 86 (68%), 22 (18%) and 18
(14%) cases classified rigid, medium, and flexible, respectively; the corresponding statistics for
the CAPRI set are 4 (27%), 5 (33%) and 6 (40%), respectively. Their K; values are also predicted
from sequence alone.

For each protein pair, we use 10 distinct encounter complexes as starting structures (/' = 10).
As reported previously [51], those for the benchmark sets are top-10 cluster representatives by
ZDOCK , kindly provided by the Weng group; and those for the CAPRI set are top-10 models

generated by the ZDOCK webserver.
2.4 Results
2.4.1 Optimization on Test Functions

We first tested our BAL algorithm on four non-convex test functions of various dimensions and
compared it to particle swarm optimization (PSO) [57, 58], an advanced optimization algorithm
behind a very successful protein-docking method SwarmDock [29].

For optimization we assess ||& — x*||, the distance between the predicted and actual global
optima, a measure of direct relevance to the quality of interest in protein docking — iRMSD.

Compared to PSO, BAL made predictions that are, on average, closer to the global optima with
smaller standard deviations (except for 2D Griewank where BAL had larger standard deviation);

and the improvement margins increased with the increasing dimensions (Fig. 2.2 ).
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Figure 2.2: Optimization performances of PSO and BAL over four non-convex test functions in
various dimensions. The performance metric is ||& — x*||, the distance between the predicted and
the actual global optima, and the box plot is generated using 100 optimization trajectories in each

case.
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2.4.2 Docking Performance: Optimization

We show the improvements in PSO and BAL solution quality (measured by the decrease of
iRMSD) against the starting ZDOCK solutions in Fig. 2.3. Speaking of the amount of improve-
ment, BAL improved iRMSD by 1.2 A, 0.74 A, and 0.76 Afor the training, test, and CAPRI sets,
respectively, outperforming PSO’s corresponding measures of 0.82 A, 0.45 A, and 0.49 A. Tt also
outperformed PSO for the more challenging near-native cases (note that BAL’s iRMSD improve-
ment for the near-native test set or CAPRI set was almost neutral). Speaking of the portion with
improvement, BAL improved iRMSD in the near-native cases for 75%, 68%, and 73% of the train-
ing, test, and CAPRI sets, respectively; whereas the corresponding statistics for PSO were 59%,
50%, and 53%, respectively.

We also compared BAL and PSO solutions head-to-head over subsets of varying difficulty
levels for protein docking (Fig. 2.4). Overall, BAL’s solutions are better (or significantly better
by at least 0.5 A) than those of PSO for 70%—-80% (31%-45%) of the cases, which was relatively

insensitive to the docking difficulty level.
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Figure 2.4: The percentage of BAL predictions with iRMSD improvement against PSO for A. the
training set, B. the benchmark test set, and C. the CAPRI set. The CAPRI set is not further split
because it only contains 15 targets and is predominantly in the flexible category. The darker gray
portions correspond to significant improvement (over 0.5 A in iRMSD) compared to corresponding
PSO predictions.
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2.4.3 Scoring Performance Empowered by UQ

>
w
@)

1.0 1.0 1.0

C
Sos obs W Sos Sos
© Ogfd © © 0,64
50.6 506 50.6 0
o (] @]
0.4 S0 0.4
€ £ 4 =
b 0.23 g g
202 : 20.2 02{ o
%] ) ]

0.0 .

a b c d 0.0 0.0

Figure 2.5: Ranking performance shown in the bar plot (with error bar in black) of Spearman’s p
for (A) Training set, (B) Test set and (C) CAPRI set, respectively. Scoring function a, b, ¢, and d in
each figure correspond to the MM-GBSW model, our random-forest energy model, and confidence
scores P(X;|Uk), and P(iIRMSD(x;, z*) < 4), respectively.

For scoring models or predictions, two metrics are used for assessing the performance. The
first is Spearman’s p for ranking protein-docking predictions (structure models) for each pair. The
second is the area under the Precision Recall Curve (AUPRC), for the binary classification of each
prediction being near-native or not. Considering that the near-natives are minorities among all
predictions, AUPRC is a more meaningful measure than the more common AUROC.

With these two metrics we assess four scoring functions on predictions ;: (1) AE(x;), the
MM-GBSW binding energy, i.e., the sum of the 8 features; (2) our random-forest energy model
y(x;); (3) P(X;|Uk), the conditional probability that the ith prediction’s region is near-native
give that there is at least such one in the top K predictions; and (4) P(iIRMSD(x;, z*) < 4), the
unconditional probability that the ith prediction is near-native.

For ranking assessment, from Fig. 2.5 we find that, whereas the original MM-GBSW model
merely achieved merely 0.2 for Spearman’s p, our energy model using the same 8 terms as features
in random forest drastically improved the ranking performance with a Spearman’s p around 0.6 for
training, benchmark test, and CAPRI test sets. Furthermore, the confidence scores P(X;|Ux) and

P(iRMSD(&;, *) < 4) further improved ranking. In particular, the unconditional probability for
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ZDOCK (Starting Point) PSO BAL
Dataset (size) N (F) Ns (Fy) N5 (F5) N (Fio) N (F) N (F3) N5 (F5)  Nip (Fio) N (F1) N3 (F3) N5 (F5)  Nip (Fo)
Training (50) 6(12%) 11 (22%) 13 (26%) 17 (34%) 9(18%) 15(30%) 17 (34%) 20 (40%) | 14 (28%) 19 (38%) 20 (40%) 22 (44%)
Test (126) | 20 (16%) 29 (23%) 33 (26%) 41 (33%) | 26 21%) 33 (26%) 39 (31%) 45(36%) | 32(25%) 40(32%) 42(33%) 50 (40%)
CAPRI (15) 2(13%) 2 (13%) 3 (20%) 4 (27%) 3 (20%) 3(20%) 4 (27%) 5 (33%) 3(20%) 4 (27%) 5 (33%) 5 (33%)

Table 2.1: Summary of docking results measured by the number and the portion of targets in each
set that have an acceptable near-native top-1, 3, 5, or 10 prediction.

a prediction to be near-native achieved around 0.70 in p even for the benchmark and the CAPRI
test sets. Note that this probability, a confidence score on the prediction’s near-nativeness, was

derived from the posterior distribution of «*; thus it uses both enthalpic and entropic contributions.
2.4.4 Overall Docking Performance

We summarize our docking results (BAL predictions &; ranked by confidence scores on their
nativeness P(iRMSD(&;, *) < 4)) in Table 2.1; and compare them to the ZDOCK starting results
(ranked by cluster size roughly reflecting entropy) and the PSO refinement results (using the same
energy model as BAL and ranked by the energy model). We use Nk to denote the number of targets
with at least one near-native predictions in top K; and Fx the fraction of such targets among all in
a given set (training, benchmark test, or CAPRI test set). Compared to the ZDOCK starting results
and PSO refinements, BAL has improved the portion of acceptable targets with top-3 predictions
from 23% and 26%, respectively, to 32% for the benchmark test set. Similar improvements were
found for the CAPRI set. The portion for top 10 from BAL reached 40% compared to ZDOCK’s
33% over the benchmark test set. Note that BAL only refined top-10 starting results from ZDOCK
thus this improvement was purely from optimization (no ranking effect).

We further visualize the test-set performance along with iRMSD estimation and UQ-derived
confidence scores (P(iRMSD(x;, z*) < 4)). Fig. 2.6A shows the actual versus the estimated
iRMSD of the top-1 prediction for each test target; and Fig. 2.6B shows the actual iRMSD ver-
sus the confidence score of each such prediction. These predictions are colored according to the
quality (iRMSD) of the starting structure from ZDOCK. Predicted iRMSD values were positively
correlated with actual values and rarely above 4 A for near-native predictions. High confidence

scores were almost exclusive to good predictions with low iRMSD values whereas low confidence
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scores corresponded to a mixture of qualities.
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Figure 2.6: Actual iRMSD of the top-1 predictions versus predicted iRMSD or confidence scores
in the benchmark test set. Each point representing the prediction for a target is colored according
to the starting structure’s quality 1IRMSD value).

2.4.5 Case Studies

To examine the contributions of method components, such as energy model, quality estimation
(IRMSD), optimization, and uncertainty quantification, we chose one successful and two failed
cases for detailed analysis.

In the case of success (PDB: 1FFW, ZDOCK model 6), BAL improved prediction quality
(iRMSD) from 3.4 A to 2.2 A and predicted a very close iIRMSD of 2.5 A. The 90% confidence
interval (C. L) in iRMSD, being [1.51 A, 3.15 A], contains the actual iRMSD of 2.2 A. We project
the 12D posterior p(x*|D®)) at the end of iteration ¢ onto a 1D distribution in iRMSD(x*, *))
where () denotes the prediction at the end of iteration ¢. Fig. 2.7 shows that the predicted and the
actual iRMSD values were both contained in the 90% confidence interval through iterations and
both converged to the peak of the narrower posterior as iterations progressed.

In a failed case (PDB: 1QFW_IM:AB; ZDOCK model 6), BAL did improve docking quality

by reducing actual iRMSD by 0.23A compared to the starting ZDOCK model. The predicted and
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Figure 2.7: A successful case (PDB: 1FFW; ZDOCK model 6): The posterior distributions of the
native structure &* in its iRMSD to predictions &) over iterations ¢.

the actual iRMSD of iterative predictions were also close, as seen in Fig. 2.8. However, uncertainty
quantification failed as the 90% confidence interval in iRMSD didn’t encompass the predicted or
the actual iRMSD. This failure is attributed to the energy model, as the lowest-energy prediction
#® was often far from the most-probable conformation (where the peak of the posterior is) and
the search drifted toward a non-native funnel. We also note that predictions were of worse quality

(larger iIRMSD) over iterations.
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Figure 2.8: A case with failure in UQ (PDB: 1QFW_IM:AB; ZDOCK model 6). The posterior
distributions of the native structure in iRMSD did not encompass actual or predicted iRMSD in
their 90% confidence intervals. The predictions, although better than the starting ZDOCK model,
actually became worse over iterations, which is likely driven by a low-energy non-native funnel in
the energy model.

30



In another failed case (PDB: 2UUY; ZDOCK model 8), BAL failed to improve docking qual-
ity compared to the starting structure (iRMSD increased from 3.74 A to 3.85A). A close look
at Fig. 2.9 suggests that the predictions actually improved over iterations (judging from the real
iRMSD in red lines). However, even though the posteriors became narrower over iterations and
predicted iRMSD values were close to the peaks of the posteriors, the actual iRMSD values were
way off the predicted; and even outside the 90% confidence interval ([1.41 10%, 2.45 A]). iIRMSD

prediction (quality estimation) is thus a major reason behind this failure.
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Figure 2.9: A case with failure in optimization and UQ (PDB: 2UUY; ZDOCK model 8). The
posterior distributions of the native structure in iRMSD did encompass predicted iRMSD, but not
actual iRMSD, in their 90% confidence intervals. The predictions actually became better over
iterations but did not improve over the starting ZDOCK model.

2.4.6 Experimental Applications*

We demonstrate the power of BAL through several experimental applications.
First, we apply BAL to modelling the homophilic interactions of breast cancer stem cell marker
CD44 [20]. CD44 molecule (CD44) is a well-known surface glycoprotein on tumor-initiating cells

or cancer stem cells. However, its utility as a therapeutic target for managing metastases remains

*Reprinted with permission from “Homophilic CD44 Interactions Mediate Tumor Cell Aggregation and Poly-
clonal Metastasis in Patient-Derived Breast Cancer Models” by Liu et al, 2019. Cancer Discovery, 9 (1), 96-113.
Copyright © 2019, American Association for Cancer Research.
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Figure 2.10: (a) Structure model of CD44s monomer with warmer colors indicating higher proba-
bilities to be at the dimer interface, as predicted by BAL. (b) Two representative structure models
(top and bottom) of predicted CD44 homodimers. The right monomer is color coded in the same
way as in (a), whereas the left one is in gray for contrast.

to be fully evaluated. In order to determine the importance of CD44 homophilic interaction in cell
aggregation and lung colonization, we dock two CD44 monomers through BAL. Our homodimer
models (Fig 2.10) of CD44 suggest that the N-terminal domain I and domain II’s first few residues
are mainly responsible for the dimerization.

For experimental validation, our collaborators (Dr. Huiping Liu’s group at Northwestern Uni-
versity) conducted two experiments. First, they truncated domain I for co-IP and cellular aggre-
gation analyses. Upon transfection into HEK-293 cells, the deletion of domain I was deficient
in forming intercellular complexes with CD44 and lost the capacity of mediating cell aggrega-
tion [20]. The N-terminal domain—dependent CD44 homophilic interaction was also blocked by
an anti-CD44 neutralizing antibody when administered to aggregating cells in suspension [20].
Second, we picked 12 hotspot residues which are essential for CD44 dimerization based on our
docking results, with most of them in domain I and a few in domain II. They mutated the hotspot
residues into alanine for functional studies [22]. They found that the mutant CD44 disrupts trans-
dimerization and homophilic interactions, blocks PAK2 activation and interferes with cell aggre-
gation in vitro and lung colonization in vivo [22].

Second, we apply BAL to modelling the homophilic interactions of intercellular adhesion
molecule 1 (ICAM1) [21]. The expression of ICAMI is crucial for the lung colonization and

metastasis. Based on BAL modelling, we determine the homodimer interface regions spanning
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through domain II to domain IV. To verify the molecular basis of ICAM1 dimerization, our col-
laborators mutated several important residues on the binding site from domain II to domain 1V,
and found that all of the ICAM1 mutants lost their homophilic interactions with ICAM1-Flag in
the co-immunoprecipitation assays, suggesting that these spanning regions of I[CAM1 are indeed
involved in the self-dimerization.

Those experimental results clearly show the power of BAL for protein-protein interaction pre-
dictions and its support for mutagenesis design. They also demonstrate that artificial intelligence,
especially machine learning, is exponentially transforming the future technology and increasing

the knowledge base in biological and biomedicine research.
2.5 Conclusion

We present BAL, the first optimization with uncertainty quantification (UQ) study for protein
docking. This is accomplished by a rigorous Bayesian framework that actively samples a noisy
and expensive black-box function (i.e., collecting data D) while updating a posterior distribution
p(x*| D) directly over the unknown global optimum a*. We demonstrate the superb performances
of Bayesian active learning (BAL) on a protein docking benchmark set as well as a CAPRI set
full of homology docking. Compared to the starting points from initial rigid docking as well
as the refinement from PSO, BAL shows significant improvement, accomplishing a top-3 near-
native prediction for about one-third of the benchmark and CAPRI sets. Its UQ results achieve
tight uncertainty intervals whose radius is 25% of iRMSD with a 85% confidence level attested
by empirical results. We further demonstrate the power of BAL through several experimental

applications, by modelling the interface of homophilic CD44 and ICAMI.
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3. Learning to Optimize in Swarms

3.1 Preface

In the previous chapter, we have shown that BAL can be applied to general optimization prob-
lems. As people do to the invention of every other hand-designed optimization algorithms, we
spent a descent amount of time tuning and validating pipelines and architectures of BAL. Even
by doing that, when facing a novel optimization problem, we need to manually tune the hyper-
parameters. More importantly, optimization algorithms are usually only suitable for one specific
kind of problems. For instance, in ab initio protein docking whose energy functions as objectives
have extremely rugged landscapes and are expensive to evaluate, gradient-free algorithms are thus
popular there, including BAL, Markov chain Monte Carlo (MCMC) [59] and Particle Swarm Op-
timization (PSO) [29]. In deep learning, there is a gallery of gradient-based algorithms specific
to high-dimensional, non-convex objective functions, such as Stochastic Gradient Descent [60],
RmsDrop [61], and Adam [62].

In this chapter, instead of hand-designing an optimization algorithm, we will focus on learning
an optimization algorithm. To the end, we will propose a novel meta-learning algorithm called

Learning to Optimization in Swarms (LOIS).
3.2 Introduction

To overcome the laborious manual design, an emerging approach of meta-learning (learning to
learn) takes advantage of the knowledge learned from related tasks. In meta-learning, the goal is
to learn a meta-learner that could solve a set of problems, where each sample in the training or
test set is a particular problem. As in classical machine learning, the fundamental assumption of
meta-learning is the generalizability from solving the training problems to solving the test ones.
For optimization problems, a key to meta-learning is how to efficiently utilize the information in
the objective function and explore the space of optimization algorithms.

In the field of learning to optimize, the optimization algorithm is usually parameterzied by a
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neural network. The pioneer work [63] used a coordinate-wise structure of RNN which relieved
the burden from the enormous number of parameters, so that the same update formula was used
independently for each coordinate. [64] used the history of gradients and objective values as states
and step vectors as actions in reinforcement learning. [65] also used RNN to train a meta-/earner to
optimize black-box functions, including Gaussian process bandits, simple control objectives, and
hyper-parameter tuning tasks. Lately, [66] introduced a hierarchical RNN architecture, augmented
with additional architectural features that mirror the known structure of optimization tasks.

The target applications of previous methods are mainly focused on training deep neural net-
works, except [65] focusing on optimizing black-box functions. There are three limitations of
these methods. First, they learn in a limited algorithmic space, namely point-based optimization
algorithms that use gradients or not (including SGD and Adam). So far there is no method in learn-
ing to learn that reflects population-based algorithms (such as evolutionary and swarm algorithms)
proven powerful in many optimization tasks. Second, their learning is guided by a limited meta
loss, often the cumulative regret in sampling history that primarily drives exploitation. One ex-
ception is the expected improvement (EI) used by [65] under Gaussian processes. Last but not the
least, these methods do not interpret the process of learning update formula, despite the previous
usage of attention mechanisms in [66].

To overcome aforementioned limitations of current learning-to-optimize methods, we present
a novel framework in meta-learning, where we train a meta-optimizer that learns in the space of
both point-based and population-based optimization algorithms for continuous optimization. To
that end, we design a novel architecture where a population of RNNs (specifically, LSTMs) jointly
learn iterative update formula for a population of samples (or a swarm of particles). To balance
exploration and exploitation in search, we directly estimate the posterior over the optimum and
include in the meta-loss function the differential entropy of the posterior. Furthermore, we embed
feature- and sample-level attentions in our meta-optimizer to interpret the learned optimization

strategies. To the end, we summarize our contributions:

* (Where to learn): We learn in an extended space of both point-based and population-based
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optimization algorithms;

* (How to learn): We incorporate the posterior into meta-loss to guide the search in the algo-

rithmic space and balance the exploitation-exploration trade-off.

» (What more to learn): We design a novel architecture where a population of LSTMs jointly
learn iterative update formula for a population of samples and embedded sample- and feature-

level attentions to explain the formula.

3.3 Learning to Optimize in Swarms
3.3.1 Background

Our goal is to solve the following optimization problem:

* .
" = arg min f(x).

Iterative optimization algorithms, either point-based or population-based, have the same generic
update formula:

et = 2ttt

where x' and dx' are the sample (or a single sample called “particle" in swarm algorithms) and the
update (a.k.a. step vector) at iteration ¢, respectively. The update is often a function g(-) of historic

sample values, objective values, and gradients. For instance, in point-based gradient descent,

oz’ = g({z”, f(&7), Vf(a")};oy) = —aVf(z'),

where « is the learning rate. In particle swarm optimization (PSO), assuming that there are &

samples (particles), then for particle j, the update is determined by the entire population:

52 = g({{a], (), V F(@]) ViYoo) = ozl 4 (ah — ) + rofad — ),
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where a:é* and x'* are the best position (with the smallest objective value) of particle j and among
all particles, respectively, during the first ¢ iterations; and w, r1, o are the hyper-parameters of-
ten randomly sampled from a fixed distribution (e.g. standard Gaussian distribution) during each
iteration.

In most of the modern optimization algorithms, the update formula ¢(-) is analytically de-
termined and fixed during the whole process. Unfortunately, similar to what the No Free Lunch
Theorem suggests in machine learning, there is no single best algorithm for all kinds of opti-
mization tasks. Every state-of-art algorithm has its own best-performing problem set or domain.
Therefore, it makes sense to learn the optimal update formula g(-) from the data in the specific
problem domain, which is called “learning to optimize”. For instance, in [63], the function g(-) is
parameterized by a recurrent neural network (RNN) with input V f(2!) and the hidden state from
the last iteration: g(-) = RNN(V f(z"), h'~1). In [65], the inputs of RNN are z', f(x') and the

hidden state from the last iteration: g(-) = RNN(z!, f(z!), h'™1).
3.3.2 Population-based learning to optimize with posterior estimation

We describe the details of our population-based meta-optimizer in this section. Compared
to previous meta-optimizers, we employ £ samples whose update formulae are learned from the
population history and are individually customized, using attention mechanisms. Specifically, our
update rule for particle ¢ could be written as:

g:(-) = RNN; (05" ({a7"*({S] =) }jon) Bi ')

(2

t __ t t t t : : : ; : : intra :
where S} = (s}, 8},, 8%3, 8%,) is an x 4 feature matrix for particle j at iteration ¢, aj""(-) is the

inter
i

intra-particle attention function for particle j, and «™(-) is the i-th output of the inter-particle
attention function. h!~! is the hidden state of the ith LSTM at iteration t — 1.

For typical population-based algorithms, the same update formula is adopted by all particles.
We follow the convention to set g;(-) = g2(-) = ... = gx(-), which suggests RNN; = RNN and

aijntra ( ) — aintra ( . ) .
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We will first introduce the feature matrix SJT and then describe the intra- and inter- attention

modules.
3.3.3 Features from different types of algorithms

Considering the expressiveness and the searchability of the algorithmic space, we consider the
update formulae of both point- and population-based algorithms and choose the following four

features for particle ¢ at iteration ¢:

gradient: V f(x!)

« momentum: m! ="' _ (1 — 3)B" 'V f(x])

=1
* velocity: v} = x! — x'*
> (exp(—ad%)(m’é—m?))

2
Zj exp(—adij)

dij = ||zf — ]2

attraction:

, for all j that f(x}) < f(x}). « is a hyperparameter and

These four features include two from point-based algorithms using gradients and the other two
from population-based algorithms. Specifically, the first two are used in gradient descent and
Adam. The third feature, velocity, comes from PSO, where x'* is the best position (with the lowest
objective value) of particle 7 in the first ¢ iterations. The last feature, attraction, is from the Firefly
algorithm [67]. The attraction toward particle i is the weighted average of x! — :cz over all 5 such
that f(x}) < f(x}); and the weight of particle j is the Gaussian similarity between particle i and
j. For the particle of the smallest f(x!), we simply set this feature vector to be zero. In this paper,
weuse § =0.9and a = 1.

It is noteworthy that each feature vector is of dimension n X 1, where 7 is the dimension of the
search space. Besides, the update formula in each base-algorithm is linear w.r.t. its corresponding
feature. To learn a better update formula, we will incorporate those features into our model of deep

neural networks, which is described next.
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Figure 3.1: (a) The architecture of our meta-optimizer for one step. We have k particles here.
For each particle, we have gradient, momentum, velocity and attraction as features. Features for
each particle will be sent into an intra-particle (feature-level) attention module, together with the
hidden state of the previous LSTM. The outputs of £ intra-particle attention modules, together with
a kernelized pairwise similarity matrix Q' (yellow box in the figure), will be the input of an inter-
particle (sample-level) attention module. The role of inter-particle attention module is to capture
the cooperativeness of all particles in order to reweight features and send them into £ LSTMs. The
LSTM’s outputs, dx, will be used for generating new samples. (b) The architectures of intra- and

inter-particle attention modules.
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3.3.4 Overall model architecture

Fig. 3.1a depicts the overall architecture of our proposed model. We use a population of
LSTMs and design two attention modules here: feature-level (“intra-particle”) and sample-level
(“inter-particle”) attentions. For particle ¢ at iteration ¢, the intra-particle attention module is to
reweight each feature based on the context vector hf‘l, which is the hidden state from the i-th
LSTM in the last iteration. The reweight features of all particles are fed into an inter-particle
attention module, together with a k£ x k distance similarity matrix. The inter-attention module is to
learn the information from the rest k& — 1 particles and affect the update of particle . The outputs

of inter-particle attention module will be sent into k identical LSTMs for individual updates.
3.3.5 Attention mechanisms

For the intra-particle attention module, we use the idea from [68, 69, 70]. As shown in Fig.

t

i;» we have:

3.1b, given that the jth input feature of the sth particle at iteration ¢ is s

¢ T t " ‘ exp(bﬁ.)
bij =, tanh (Wasij + Uahij)? D= 1 J

Y ZT‘Zl eXp(bg'I’) 7
where v, € R", W, € R and U, € R"*" are the weight matrices, h,tfl € R" is the hidden
state from the sth LSTM in iteration ¢ — 1, bﬁj is the output of the fully-connected (FC) layer and

pﬁj is the output after the softmax layer. We then use pﬁj to reweight our input features:

4
t ¢t
C;, = § :pirsiw
r=1

where ¢! € R™ is the output of the intra-particle attention module for the ith particle at iteration

For inter-particle attention, we model dx! for each particle 7 under the impacts of the rest k — 1

particles. Specific considerations are as follows.

* The closer two particles are, the more they impact each other’s update. Therefore, we con-

struct a kernelized pairwise similarity matrix Q* € R*** (column-normalized) as the weight
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(et
. . exp(— ——~2—
matrix. Its element is ¢!, = P I
u il

||}~

Sk exp(—— 5 1)

* The similar two particles are in their intra-particle attention outputs (cf, local suggestions for

updates), the more they impact each other’s update. Therefore, we introduce another weight

exp((c’;)’c’;)
SF, exp((cﬁ)’cﬁ

matrix M? € R¥** whose element is mij = ) (normalized after column-wise

softmax).
As shown in Fig. 3.1b, the output of the inter-particle module for the jth particle will be:

k
t __ t t Gt t
e =) myac, +c,

r=1

where 7 is a hyperparameter which controls the ratio of contribution of rest k-1 particles to the jth

particle. In this paper, -y is set to be 1 without further optimization.
3.3.6 Loss function, posterior estimation, and model training

Cumulative regret is a common meta loss function: L(¢) = Zthl Z§:1 f(x). However, this
loss function has two main drawbacks. First, the loss function does not reflect any exploration.
If the search algorithm used for training the optimizer does not employ exploration, it can be
easily trapped in the vicinity of a local minimum. Second, for population-based methods, this loss
function tends to drag all the particles to quickly converge to the same point.

To balance the exploration-exploitation tradeoff, we bring the work from [71] — it built a
Bayesian posterior distribution over the global optimum x* as p(x*| Uthl D), where D, denotes
the samples at iteration ¢: Dy = {(x!, f(x!)) }j: .- We claim that, in order to reduce the un-
certainty about the whereabouts of the global minimum, the best next sample can be chosen to

minimize the entropy of the posterior, h (p(zc*| Uthl Dt)) . Therefore, we propose a loss function

for function f(-) as:

()=

k
t=1 j=

f@h) + Ah (p<as*| UD») :

where A controls the balance between exploration and exploitation and ¢ is a vector of model

1

parameters.
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Following [71], the posterior over the global optimum is modeled as a Boltzmann distribution:

T
p(a*||J Dr) o exp(—pf (),
t=1
where f (x) is a function estimator and p is the annealing constant. In the original work of [71],
both f () and p are updated over iteration ¢ for active sampling. In our work, they are fixed since
the complete training sample paths are available at once.

Specifically, for a function estimator based on samples in Uthl Dy, we use a Kriging regressor

[40] which is known to be the best unbiased linear estimator (BLUE):

f(@) = fol@) + (s(@)) (K + D)7 (y — fo).

where fo(x) is the prior for E[f(x)] (we use fo(x) = 0in this study); () is the kernel vector with
the ith element being the kernel, a measure of similarity, between « and x;; K is the kernel matrix
with the (i, j)-th element being the kernel between x; and x;; y and fy are the vector consisting
of y1,...,yn, and fo(x1), ..., fo(x,, ), respectively; and € reflects the noise in the observation and
is often estimated to be the average training error (set at 2.1 in this study).

For p, we follow the annealing schedule in [71] with one-step update:

n

p=po-exp | (ho)™"

T
o
t=1

where pj is the initial parameter of p (py = 1 without further optimization here); A is the initial
entropy of the posterior with p = py; and n is the dimensionality of the search space.
In total, our meta loss for m functions f,(-) (¢ = 1, ..., m) (analogous to m training examples)

with L2 regularization is

L) = = 3" 1,() + ClIgl
q=1

To train our model we use the optimizer Adam which requires gradients. The first-order gra-
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dients are calculated numerically through TensorFlow following [63]. We use coordinate-wise
LSTM to reduce the number of parameters. In our implementation the length of LSTM is set to
be 20. For all experiments, the optimizer is trained for 10,000 epochs with 100 iterations in each

epoch.
3.4 Results

We test our meta-optimizer through convex quadratic functions, non-convex test functions and

an optimization-based application with extremely noisy and rugged landscapes: protein docking.
3.4.1 Learn to optimize convex quadratic functions

In this case, we are trying to minimize a convex quadratic function:

fx) =l Ag@ — byl[5,

where A, € R"*" and b, € R"*! are parameters, whose elements are sampled from i.i.d. normal
distributions for the training set. We compare our algorithm with SGD, Adam, PSO and Deep-
Mind’s LSTM (DM_LSTM) [63]. Since different algorithms have different population sizes, for
fair comparison we fix the total number of objective function evaluations (sample updates) to be
1,000 for all methods. The population size k of our meta-optimizer and PSO is set to be 4, 10
and 10 in the 2D, 10D and 20D cases, respectively. During the testing stage, we sample another
128 pairs of A, and b, and evaluate the current best function value at each step averaged over 128
functions. We repeat the procedure 100 times in order to obtain statistically significant results.

As seen in Fig. 3.2, our meta-optimizer performs better than DM_LSTM in the 2D, 10D, and
20D cases. Both meta-optimizers perform significantly better than the three baseline algorithms

(except that PSO had similar convergence in 2D).
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Figure 3.2: The performance of different algorithms for quadratic functions in (a) 2D, (b) 10D,

and (c) 20D. The mean and the standard deviation over 100 runs are evaluated every 50 function
evaluations.

3.4.2 Learn to optimize non-convex Rastrigin functions

We then test the performance on a non-convex test function called Rastrigin function:
flx) = i r? — Zn: acos (2mx;) + an,
i=1 i=1
where a = 10. We consider a broad family of similar functions f,(x) as the training set:
fo(@) = ||A,x — by||3 — ac, cos(2rx) + an, (3.1)

where A, € R, b, € R™! and ¢, € R"*! are parameters whose elements are sampled
from i.i.d. normal distributions. It is obvious that Rastrigin is a special case in this family with
A=10b=1{0,0,...,0}/,ce={1,1,...,1}.

During the testing stage, 100 i.i.d. trajectories are generated in order to reach statistically
significant conclusions. The population size £ of our meta-optimizer and PSO is set to be 4, 10
and 10 for 2D, 10D and 20D, respectively. The results are shown in Fig. 3.3. In the 2D case,
our meta-optimizer and PSO perform fairly the same while DM_LSTM performs much worse. In
the 10D and 20D cases, our meta-optimizer outperforms all other algorithms. It is interesting that

PSO is the second best among all algorithms, which indicates that population-based algorithms
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have unique advantages here.
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Figure 3.3: The performance of different algorithms for a Rastrigin function in (a) 2D, (b) 10D,
and (c) 20D. The mean and the standard deviation over 100 runs are evaluated every 50 function
evaluations.

3.4.3 Interpretation of learned update formula

In an effort to rationalize the learned update formula, we choose the 2D Rastrigin test function
to illustrate the interpretation analysis. We plot sample paths of our algorithm, PSO and Gradient
Descent (GD) in Fig 3.4a. Our algorithm finally reaches the funnel (or valley) containing the global
optimum (x = 0), while PSO finally reaches a suboptimal funnel. At the beginning, samples of
our meta-optimizer are more diverse due to the entropy control in the loss function. In contrast,
GD is stuck in a local minimum which is close to its starting point after 80 samples.

To further show which factor contributes the most to each update, we plot the feature weight
distribution over the first 20 iterations. Since for particle ¢ at iteration ¢, the output of its intra-
attention module is a weighted sum of its 4 features: ¢! = >*_, pl st we hereby sum pf, for
the r-th feature over all particles . The final weight distribution (normalized) over 4 features
reflecting the contribution of each feature at iteration ¢ is shown in Fig. 3.4b. In the first 6 iterations,
the population-based features contribute to the update most. Point-based features start to play an
important role later.

Finally, we examine in the inter-particle attention module the level of particles working collab-
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Figure 3.4: (a) Paths of the first 80 samples of our meta-optimizer, PSO and GD for 2D Rastrigin
functions. Darker shades indicate newer samples. (b) The feature attention distribution over the
first 20 iterations for our meta-optimizer. (c) The percentage of the trace of YyQ' ©® M' + I
(reflecting self-impact on updates) over iteration .

oratively or independently. In order to show this, we plot the percentage of the diagonal part of
Q' ® M + I: % (® denotes element-wise product), as shown in Fig. 3.4c. It can
be seen that, at the beginning, particles are working more collaboratively. With more iterations,
particles become more independent. However, we note that the trace (reflecting self impacts)
contributes 67%-69% over iterations and the off-diagonals (impacts from other particles) do above

30%, which demonstrates the importance of collaboration, a unique advantage of population-based

algorithms.
3.4.4 Ablation study

How and why our algorithm outperforms DM_LSTM is both interesting and important to unveil
the underlying mechanism of the algorithm. In order to deeply understand each part of our algo-
rithms, we performed an ablation study to progressively show each part’s contribution. Starting
from the DM_LSTM baseline (B), we incrementally crafted four algorithms: running DM_LSTM
for k times under different initializations and choosing the best solution (B;); using k£ independent
particles, each with the two point-based features, the intra-particle attention module, and the hid-
den state (B5); adding the two population-based features and the inter-particle attention module to

B, so as to convert £ independent particles into a swarm (B3); and eventually, adding an entropy
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term in meta loss to Bg, resulting in our Proposed model.

We tested the five algorithms (By—B3 and the Proposed) on 10D and 20D Rastrigin functions
with the same settings as in Section 4.2. We compare the function minimum values returned by
these algorithms in the table below (reported are means + standard deviations over 100 runs, each

using 1,000 function evaluations).

Dimension By B; B, B; Proposed
10 55.44+13.5 | 48.4+£10.5 40.1+49.4 | 20.44+6.6 | 12.3+£5.4
20 140.44+10.2 | 137.4+£12.7 | 108.4+13.4 | 48.5+7.1 | 43.0 9.2

Our key observations are as follows. 1) B; v.s. By: their performance gap is marginal, which
proves that our performance gain is not simply due to having &k independent runs; ii) By v.s. By
and B3 v.s. By: Whereas including intra-particle attention in B, already notably improves the
performance compared to By, including population-based features and inter-particle attention in
B; results in the largest performance boost. This confirms that our algorithm majorly benefits from
the attention mechanisms; iii) Proposed v.s. Bs: adding entropy from the posterior gains further,

thanks to its balancing exploration and exploitation during search.
3.4.5 Application to protein docking

We bring our meta-optimizer into a challenging real-world application. In computational bi-
ology, the structural knowledge about how proteins interact each other is critical but remains rel-
atively scarce [26]. Protein docking helps close such a gap by computationally predicting the 3D
structures of protein-protein complexes given individual proteins’ 3D structures or 1D sequences
[27]. Ab initio protein docking represents a major challenge of optimizing a noisy and costly
function in a high-dimensional conformational space [71].

Mathematically, the problem of ab initio protein docking can be formulated as optimizing an
extremely rugged energy function: f(x) = AG(x), the Gibbs binding free energy for conforma-

tion . We calculate the energy function in a CHARMM 19 force field as in [29] and shift it so that
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f(x) = 0 at the origin of the search space. And we parameterize the search space as R'? as in [71].
The resulting f () is fully differentiable in the search space. For computational concern and batch
training, we only consider 100 interface atoms. We choose a training set of 25 protein-protein
complexes from the protein docking benchmark set 4.0 [48], each of which has 5 starting points
(top-5 models from ZDOCK [72]). In total, our training set includes 125 instances. During testing,
we choose 3 complexes (with 1 starting model each) of different levels of docking difficulty. For
comparison, we also use the training set from Eq. 3.1 (n = 12). All methods including PSO and
both versions of our meta-optimizer have k£ = 10 particles and 40 iterations in the testing stage.
As seen in Fig. 3.5, both meta-optimizers achieve lower-energy predictions than PSO and the
performance gains increase as the docking difficulty level increases. The meta-optimizer trained
on other protein-docking cases performs similarly as that trained on the Rastrigin family in the

easy case and outperforms the latter in the difficult case.
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Figure 3.5: The performance of PSO, our meta-optimizer trained on Rastrigin function family and
that trained on real energy functions for three different levels of docking cases: (a) rigid (easy), (b)
medium, and (c¢) flexible (difficult).

3.5 Conclusion

In this chapter, we propose LOIS, a meta-learner that combines point-based meta-optimizer
and population-based meta-optimizer through two-level attention mechanisms. In order to balance

exploitation and exploration, we introduce the entropy of the posterior over the global optimum
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into the meta loss, together with the cumulative regret, to guide the search of the meta-optimizer.
Our experiments on quadratic functions, Rastrigin functions and protein docking demonstrate the
superior performance of LOIS against its competitors. Ablation study shows that the performance

improvement is directly attributable to our algorithmic innovations.
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4. Scoring in Protein Docking*

4.1 Preface

The previous two chapters mainly focus on solving the optimization challenges with applica-
tions to protein docking. In their settings, the objective (energy) function is pre-defined. However,
as the exact energy function is impossible to calculate, surrogate/approximated models are usu-
ally used as the approximation for the real energy functions. Those models are called “scoring
functions” which are to score each candidate structure. This poses the second challenge in protein
docking: scoring, where the task is aiming at identifying those near-natives among a large number
of candidate decoys.

In this chapter, we focus on the second challenge of protein docking: scoring, and we will

propose the first study of using graph neural networks for scoring protein docking decoys.
4.2 Introduction

Scoring, which aims at identifying those near-natives among a large number of candidate de-
coys is one of the most important challenge in protein docking. Current scoring functions for pro-
tein docking often aim at relative scoring, in other words, ranking near-natives high [73]. But they
do not score the decoy/model quality directly (absolute scoring), which is more often known as
quality estimation or quality assessment (without known native structures) in the protein-structure
community of CASP [74]. Although quality estimation methods based on machine learning are
emerging for single-protein structure prediction [75, 76, 77, 78, 79, 80], such methods are still
rare for protein-complex structure prediction, that is, protein docking [19]. Second, state-of-the-art
scoring functions (for relative scoring) in protein docking are often based on machine learning with

hand-engineered features, such as physical-energy terms, statistical potentials, and graph kernels.

*Reprinted with permission from “Energy-based graph convolutional networks for scoring protein docking mod-
els” by Yue Cao and Yang Shen, 2020. Proteins: Structure, Function and Bioinformatics, 88 (8), 1091-1099. Copyright
© 2020 Wiley Periodicals, Inc.
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These features, heavily relying on domain expertise, are often not specifically tailored or optimized
for scoring purposes. Recently, deep learning has achieved tremendous success in image recogni-
tion and natural language processing [68, 11], largely due to its automated feature/representation
learning from raw inputs of image pixels or words. This trend has also rippled to structural bioin-
formatics and will be briefly reviewed later.

To fill the aforementioned gaps for scoring in protein docking, we propose a deep learning
framework with automated feature learning to estimate the quality of protein-docking models
(measured by inter-face RMSD or iRMSD) and to rank them accordingly. In other words,the
framework simultaneously addresses both relative scoring (ranking) and absolute scoring (quality
assessment) using features directly learned from data. To that end, our deep learning framework
predicts binding free energy values of docking models (encounter complexes )whereas these val-
ues are correlated to known binding free energy values of native complexes according to model
quality.

Technical challenges remain for the framework of deep learning: how to represent protein-
complex structure data and learn from such data effectively? Current deep learning methods in
structural bioinformatics often use 3D volumetric representations of molecular structures [81, 82,
83, 84]. However, learning features from volumetric data of molecular structures present several
drawbacks. First, representing the volumetric input data as pixel data through tensors would require
discretization, which may lose some biologically meaningful features while costing time. Second,
such input data are often sparse, resulting in many convolutional operations for zero-valued pixels
and thus low efficiency. Third, the convolutional operation is not rotation-invariant, which demands
rotational augmentation of training data and increased computational cost.

To effectively learn features from and predict labels for protein-docking structure models, we
represent proteins and protein-complexes. as intra- and inter-molecular residue contact graphs
with atom-resolution node and edge features. Such a representation naturally captures the spatial
relationship of protein-complex structures while over-coming the aforementioned drawbacks of

learning from volumetric data. Moreover, we learn from such graph data by proposing a physics-
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inspired graph convolutional kernel that pools interacting nodes’ interactions through their node
and edge features. We use two resulting energy-based graph convolutional networks (EGCN) of
the same architecture but different parameters to predict intra- and inter-molecular energy poten-
tials for protein-docking models (encounter complexes), which further predicts these encounter
complexes’ binding affinity and quality (iRMSD) values. Therefore, our EGCN is capable of both
model ranking and quality estimation(or quality assessment without known native structures). We

note that this is the first study of graph neural networks for protein docking.

4.3 Energy-based Graph Convolutional Neural Network for Scoring Protein Docking Mod-

els
4.3.1 Graphs and features

The structure of a protein or protein complex is represented as a graph GG where each residue
corresponds to a node and each intra- or inter-molecular residue-pair defines an edge. Such intra-
and inter -molecular contact graphs can be united under bipartite graphs: The two sets of nodes
correspond to the same protein for intramolecular graphs and they do to binding partners for in-
termolecular graphs. Atom resolution features are further introduced for nodes and edges of such
bipartite contact graphs. In other words, to represent (-, we have initialized two node feature ma-
trices (denoted by X, € R¥*M and Xp € R *M) and an edge feature tensor (denoted by
A € RNvN2xE “where N, or N, denote the number of residues for either protein A or B (which
can be the same protein in the case of intramolecular contact graphs), M the number of features
per node, and K the number of features per edge. As revealed later in our graph convolutional
networks, node feature matrices will be learned, that is, updated layer after layer, by inter-acting
with neighboring nodes’ features through the fixed edge tensors.

For node-feature matrix X, we use M = 4 features for each node. Each side chain is repre-
sented as a pseudo atom whose position is the geometric center of the side chain. And the first
three node features are the side-chain pseudo atom’s charge, nonbonded radii, and distance-to-C|,

as parameterized in the Rosetta coarse-grained energy model [85]. The last node feature is the sol-
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vent accessible surface area (SASA) of the whole residue, as calculated by the FreeSASA program
[86]. For edge-feature tensor A, we use K = 11 features for each edge. These features are related
to pairwise atomic distances between the two corresponding residues. Specifically, each residue
is a point cloud of six atoms, including five backbone atoms (N, HN, CA, C, and O as named in
CHARMM?27) and one side-chain pseudo atom (named SC). For numerical efficiency, we have
picked 11 pairwise distances (including potential hydrogen bonds) out of the total 6 x 6 = 36 (see
Table 4.1) and used their reciprocals for the edge features. We use a cutoff of 12 A for pairwise

atomic distances and set edge features at zero when corresponding distances are above the cutoff.

Index | Atom 1 | Atom 2
1 SC SC
2 SC (0]
3 SC N
4 0] SC
5 0] 0O
6 0] N
7 N SC
8 N (0]
9 N N

10 HN (0]
11 O HN

Table 4.1: The inter-residue atom pairs whose distances are converted to edge features.

4.3.2 Energy-based Graph Convolutional Neural Network

Principle-driven Energy Model. To score protein-docking models, we try to use machine learn-

ing to model AG, the binding energy of encounter complexes, which can be written as:

AG = Go — Gru — Cra @.1)

where G¢, Gry, G, denote the Gibbs free energies of the complex,unbound receptor and

unbound ligand, respectively. For G, we can further decompose it into the intramolecular energies
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within two individual proteins and the intermolecular energy between two proteins:

Go=Gr+ G+ Gpgp 4.2)

where G, G, Gy, are the Gibbs free energies within the encountered receptor, within the en-
countered ligand and between them, respectively. Therefore, the binding energy in classical force
fields can be written as:

AG =Gr+Gr — Gry — Gru + GrL 4.3)

In flexible docking, unbound and encountered structures of the same protein are often different.

Such protein conformational changes indicate that G — G, # 0 and G — G, # 0.

Extension to data-driven energy model. It is noteworthy that the expression of AG above con-
sists of four terms measuring intramolecular free energies of individual proteins and one term
measuring intermolecular free energies across two proteins. Therefore, we decide to use two
machine-learning models f of the same neural-network architecture but different parameters to

approximate the two types of energy terms as follows:

AG ~ AG =f3(Xr, X, Arr) + fo( X1, X1, AL) — fo(X ru» X Rus ARura)— )

Jo(Xruws Xrw, Aruru) + for(Xr, X1, ArrL)

where fy and fy are the intra- and inter-molecular energy models (graph convolutional networks
here) parameterized by 6 and €', respectively. Subscripts are included for node feature matrices X
or edge feature matrices A to indicate identities of molecules or molecular pairs. The parameters

are to be learned from data specifically for the purpose of quality estimation.

Energy-based graph convolutional (EGC) layer. The node matrices (X4 and Xp) and the

edge tensor A of each contact graph are first fed to three consecutive graph convolutional layers

inspired by physics. Specifically, energy potentials are often pairwise additive and those between
miTm]-

atoms (i and j) are often of the form —;, where x; and x; are atom “features,” r is the distance

ra
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between them, and a is an integer. For instance, x being a scalar charge and a being 1 lead to a

Coulombic potential.

Xa: (500,4)

EGC1 EGC2 EGC3

Multi- Fully-
Xe: (500,4) :D i) connect
A: (500,500,11) attention layer

Figure 4.1: The architecture of the proposed graph convolutional network (GCN) models for intra-
or inter-molecular energies. In our work, there are five types of such models together for predicting
encounter-complex binding energy, including four intramolecular models with shared parameters
for the unbound or encountered receptor or ligand as well as one intermolecular model for the
encounter complex. In each type of model, the inputs (to the left of the arrow) include a pair
of node-feature matrices ( X4 and Xp) for individual protein(s) and an edge-feature tensor, A,
for intra- or inter-molecular contacts. And the inputs are fed through three layers of our energy-
based graph convolution layers that learn from training data to aggregate and transform atomic
interactions, followed by multihead attention module and fully connected layers for the output of
intra- or inter-molecular energy

Inspired by the energy form, we propose a novel graph convolutional kernel that “pools” neigh-

bor features to update protein A’s node features layer by layer:

(Hl) = LeakyRelu ZZ Hl) (l TA (W,ﬁ;lmgn)) 4.5)

j€B k=1
where subscripts i and j are node indices for proteins A and B, respectively, p node-feature

index, and k edge-feature index; superscripts (1) and (I+1) indicate layer indices. Accordingly, :cgl)

of size M) x 1 is the node feature vector for the ith node of protein A in layer I, ngl)

is the
pth node-feature for the ith node of protein A in layer (I+1) and Wk(zlfl) of size 10 x MY is the
trainable weight matrix for the kth edge feature and the pth node feature (p = 1,...,M (l“)) in the

same layer ([ + 1). In this way we sum all the interactions between node ¢ in protein A and all

neighboring nodes j in protein B through the X' = 11 edge features. Similarly we update node
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features for each node in protein B by following

2" = LeakyReLU(> Z (WA (Wi zly), (4.6)
€A k=1

where fljik is an element of A, a permuted A with the first two dimensions swapped. When
calculating intramolecular energy within a single protein, the second molecule’s feature update can

be skipped for numerical efficiency.
Multihead attention and fully connected layers. After the three EGC layers the output node
feature matrices XIE,L) and XJ(BL) (L=3 in this study) for both proteins (or two copies of the single
matrix in the intramolecular case) are concatenated and fed into a multihead attention module

[68], whose output subsequently goes through three fully connected (FC) layers with 128, 64, and

1 output, respectively. A dropout rate of 20% is applied to all but the last FC layer.

Label and loss function The label here is the binding energy AG although it is not available for
encounter complexes. We estimate £, the binding affinity of an encounter complex, to weaken

with the worsening quality of the encounter complex (measured by iRMSD):
ki, = kq-exp(a- (iRMSD)?) 4.7)

where « and ¢ are hyperparameters optimized using the validation set. Specifically, « is searched
between 0.5 and 10 with a step size of 0.5 and ¢ among 0.25, 0.5, 0.75, 1, 1.5 and 2. The op-
timized « and ¢ are 1.5 and 0.5, respectively. Therefore, for each sample (corresponding to an
encounter complex or decoy), the predicted label is the previously defined AG, the actual label is
RTin(k))) = RTIn(kq) + RT o - (iRMSD)?, and the error is simply the difference between the
two.

We learn parameters 6 and ¢’ of two graph convolutional networks of the same architecture,
by minimizing the loss function of mean squared errors (MSE) over samples. Model parameters

include Wk(}l,) in the EGC layers as well as those in the multihead attention module and FC layers.
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One set of learned parameter values, 6 are shared among all intramolecular energy models, and the

other set, 6’ are for the intermolecular energy model.
4.4 Results

In this section, we compare EGCN with two baseline methods, IRAD [87] and Random Forest
(RF) [19]. IRAD is one of the top performing methods in CAPRI, with a linear combination
of atom-based potentials and residue-based potentials. RF is a combination of eight potentials,
including namely bond, angle, dihedral and Urey-Bradley terms of internal energy, van der Waals,
nonpolar contribution of the solvation energy based on solvent-accessible surface area (SASA),

and two solvation energy terms based on Generalized Born with a simple SWitching (GBSW).
4.4.1 Relative scoring (model ranking)

We first analyze the relative scoring performance of three models. We use the number of
targets with at least acceptable docking-models (including that of medium or high-quality models
according to the CAPRI iRMSD criteria [88]) when such models were among top 1, 5, or 10
ranked by a scoring function. To remove redundancy among decoys, we clustered all decoys of
each target using the program FCC (Fraction of Common Contacts [89]) with default parameters
and only passed those FCC retained cluster representatives to each scoring function.

For both the benchmark and CAPRI test sets, EGCN significantly outperformed IRAD. First,
for the benchmark test set of 107 cases, EGCN generated 46 targets with at least acceptable top-5
predictions (the most possible number being 70 for the decoy set), representing more than 50%
increase compared to 30 achieved by IRAD. The performance improvement for ranking medium
and highquality predictions was even more impressive: EGCN generated 21 and 5 targets with
medium and high-quality top-5 predictions, respectively, representing 62% and 150% increases
compared to IRAD. Second, for the CAPRI test set, although the total number of targets (14) can be
too few to provide statistical significance, EGCN again increased the number of at least acceptable,
medium, and high quality top-5 models from IRAD’s 4, 2, 0 to 6, 3, 2, respectively. Last, even

for Score_set where test decoys were generated by diverse protocols different from EGCN training
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Top 1 Top 5 Top 10
Benchmark test set (107) | IRAD 10/0**/Q*** 30/13%%/2%%* | 40/18/7***
RF 13/5%%/Q*** 35/1TH*[S*** | A2[25%*[1Q***
EGCN 17/8*%[2%%% AG/21%*[S5**% | 51/28%*/]1%**
Best possible | 70/47%%/20%%* | TO/4T**[20%** | TO/AT**[20%**
CAPRI test set (14) IRAD 3/17%%[Q*** 4)2FF[QFH* 6/3%*[]***
RF 41 *%] ] *H* O/2%* [ %** 8/3/2%**
EGCN S/TF*[ % 6/3%% [ TI4/2%%%
Best possible | 9/6%%/3**%* O/6%**[ 3%+ O/63%/[3H%%
Score set (13) IRAD 3/2%%[Q*** SI4FF[HH* TIAF*[2%*%
RF L/0**/0*** 3/2%% [Q*** 3/2%* [ H**
EGCN 3/2%%[QF** O/47* [ %% TIAF* [ *%
Best possible | 11/6%%/3%%* 11/6%%/3%%%* 11/6%%/3%%%*

Table 4.2: Comparing relative scoring performance among IRAD, RF, and EGCN for three testing
sets under the CAPRI criteria.

decoys, EGCN had comparable or slightly better ranking performances, producing six targets with
at least acceptable top-5 predictions (including four targets with medium and one with high-quality
predictions). We find the EGCN ranking performance particularly impressive considering that,
unlike IRAD, the current EGCN was trained for absolute scoring and not optimized for relative

scoring.
4.4.2 Absolute scoring (quality estimation)

We next analyze EGCN’s absolute scoring performances and compare them to our previous
RF model. IRAD, among many other scoring functions, is only for relative scoring or ranking
and thus not compared here. EGCN significantly outperforms RF in quality estimation across
all test sets. For the benchmark test set, EGCN estimates all docking models’ interface RMSD
values with an error of 1.32 A, 1.43 A, and 1.51 A when the models’ iRMSD values are within
4A (acceptable), between 4 A and 7 A, and between 7 A and 10 A, respectively. These values
represent 14%-22% improvement against RF’s iRMSD prediction errors. Both EGCN and RF’s
prediction errors remain relatively flat when models are acceptable or close with iRMSD values

within 10 A whereas they rise out the range when precise quality estimation is no longer desired
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for those far incorrect models.
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Figure 4.2: Comparing absolute scoring (quality estimation) performances among RF and EGCN.
Reported are the RMSE of iRMSD predictions for A, benchmark test set, B, CAPRI test set, and
C, Score_set, a CAPRI benchmark for scoring.

Very similar performances and trends are observed for the CAPRI test set and the CAPRI
Score_set. EGCN'’s quality estimation performances only deteriorate slightly in the more chal-
lenging CAPRI test set involving homology docking: an error of 1.42 A, 1.51 A, and 1.80 A when
the models’ iIRMSD values are within 4 A, between 4 A and 7 A, and between 7 A and 10 A,
respectively. For Score_set involving diverse and distinct decoy generation protocols, EGCN’s
quality estimation performances further deteriorate slightly to an error of 1.99 A 222 A, and 2.61
A when the models’ iRMSD values are within 4 A, between 4 A and 7 A, and between 7 A and
10 A, respectively, which has shown even more improvements (27%-28%) relative to RF. It is
noteworthy that these two test sets are more challenging than the benchmark test set for additional
reasons. Unlike the case of relative scoring, binding affinities of native complexes are needed for
absolute scoring. But their values have to be predicted for all but one target pairs in these two test

sets (13 out of 14 or 12 out of 13), compared to just 34 out of 107 for the benchmark test set.

4.5 Conclusion

In this chapter, we propose EGCN, short for Energy-based Graph Convolutional Networks for

scoring protein-docking models. EGCN represents the protein complex as a residue-level graph
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with atom-level node and edge features. The key novel contribution of EGCN is the energy graph
convolutional layer that can be interpreted as the calculating multiple energy terms. EGCN is
found to perform better or equally well compared to a state-of-the-art method (IRAD) that has
found great success in CAPRI as well as our previous RF model. For quality estimation that has
seen few method developments in the field, EGCN is again found to outperform our previous RF
model.

So far, we have finished the first part of this thesis: protein docking. From the next chapter, we

will start the second part of this thesis: protein sequence-function relationship.
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5. Forward Protein Sequence-to-Function Relationship*

5.1 Preface

The previous three chapters mainly studied protein—protein interactions. Besides understanding
the protein—protein interactions, another fundamental aspect of biological information processing
is the ubiquity of protein sequence—function relationships. The beauty and multiplicity of functions
carried out by proteins arises from the huge number of different protein sequences. In the forward
direction, the protein sequence encodes the functions. A detailed understanding of how these
functions are encoded would allow us to more accurately reconstruct the tree of life, diagnose
genetic diseases before they manifest symptoms, and design new proteins with useful properties.
In the inverse direction, a protein function could map to a distribution over the protein sequence
space. Although nature evolution produces the number of distinct proteins on the order of 102, a

small protein of length 100 could have 201%°

sequences. Therefore, understanding how sequences
being designed from the functions would allow us to search for novel but functionally-relevant
proteins in the vase majority of sequence space that is unexplored by nature.

Biologically, both mappings from protein sequence to function and from protein function to
sequence are extraordinarily complex because they involve thousands of physical and chemical
interactions that are dynamically coupled across multiple scales of length and time. Recently,
with the data quickly accumulating on protein sequence and function, one critical question is to
what extent data alone can reveal the complex sequence—function relationship. In this chapter, we
study this question in-depth from the forward direction and propose a novel deep learning model:

TALE: Transformer-based protein function Annotation with joint sequence-Label Embedding for

predicting protein functions from sequences.

*Reprinted with permission from “TALE: Transformer-based protein function Annotation with joint se-
quence-Label Embedding” by Yue Cao and Yang Shen, 2021. Bioinformatics, 03, 1367-4803. Copyright © 2021
Oxford University Press.
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5.2 Introduction

The explosive growth of protein sequence data in the past few decades, largely thanks to next-
generation sequencing technologies, has provided enormous information and opportunities for bi-
ological and pharmaceutical research. In particular, the complex and intricate relationship between
sequences, structures, and functions of proteins is fascinating. As experimental function annotation
of proteins is often outpaced by sequence determination, computational alternatives have become
both fundamental in exploring the sequence-function relationship and practical in predicting func-
tions for growing un-annotated sequences (including de novo designs). According to the 2020_01
release of UniProt [90], there were around 5.6x 10° nonredundant sequences manually annotated
in Swiss-Prot but over two orders of magnitude more (around 1.8x10%) sequences awaiting full
manual annotation in TrTEMBL.

Protein functions are usually described based on Gene Ontology (GO), the world’s largest
source of systematic representation of gene functions [91]. There are more than 40,000 GO terms
across three domains: Molecular Function Ontology (MFO), Biological Process Ontology (BPO)
and Cellular Component Ontology (CCO). Within each ontology, GO terms are structured hier-
archically as a directed acyclic graph (DAG) with a root node. Each protein can be annotated
with more than one GO term on three ontologies (thus a multi-label classification problem). If a
protein is annotated with one GO term, then can also be annotated by all corresponding ancestral
GO terms. Such a hierarchical constraint is present in many other ontologies as well, such as text
ontology ([92]) and image ontology ([93]).

From the perspective of input type, computational methods for protein function annotation can
be classified as sequence- [94, 17, 95], structure- [96], network- [97, 15], and literature-based [98,
99], whereas all but sequence-only methods have limited scope of usage due to data availability.
Specifically, although structural information is important for understanding protein functions (e.g.
[100, 101]), it is often not readily available: 0.01% of the TTEMBL sequences (UniProt 2020_01)
have corresponding structural entries in Protein Data Bank (PDB), and this ratio increases to 1% if

considering structural models in SWISS-MODEL Repository (SWR). Similarly, only around 7%
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of the TTEMBL sequences have interaction entries in STRINGdb [102], not to mention that the
network information can be noisy and incomplete. We note that structure, network, and literature
data can be especially missing for novel sequences where computational function annotation is
needed the most. We therefore focus on sequence-based methods in this study.

Predicting protein function from sequence alone is a challenging problem where each sequence
can belong to multiple labels and labels are organized hierarchically. Critical Assessment of protein
Function Annotation (CAFA) has provided an enabling platform for method development [103,
104, 105, 2] and witnessed still-limited power or scope of current methods. Sequence similarity-
based methods [106, 10] leverage sequence homology, although their success is often limited to
homologues and alignments to detect homology can be still costly. Recently, deep learning has
emerged as a promising approach [15, 17] to improve the accuracy, where sequences are often
inputs/features and GO terms are labels. However, as deep learning is a data-hungry technique,
these methods often have to get rid of a large number of GO terms (labels) with few annotations,
leading to narrow applicability. For instance, DeepGOPlus [17] only considered over 5,000 GO
terms with at least 50 annotated sequences each, which only accounts for less than 12% of all GO
terms.

We set out to overcome aforementioned barriers and boost the generalizability to sequences
with low similarity as well as unseen or rarely seen functions (also known as tail labels) com-
pared to the training data. To that end, we propose a novel approach named Transformer-based
protein function Annotation through joint sequence—Label Embedding (TALE). Our contributions
are as follows. First, TALE replaces previously-used convolutional neural networks (CNN) with
self-attention-based transformers [13] which has made a major breakthrough in natural language
processing and recently in protein sequence embedding [107, 108, 109]. Compared to CNN, trans-
formers can deal with global dependencies within the sequence in just one layer, which helps detect
global sequence patterns for function prediction much easier than CNN-based methods do. Second,
TALE embeds sequence inputs/features and hierarchical function labels (GO terms) into a latent

space. By considering similarities among function labels and sequence features, TALE can easily
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deal with tail labels. Third, unlike previous methods that only consider GO terms as flat labels
and enforce hierarchy ad hoc after training, TALE considers the hierarchy among labels through
regularization during training. Last, we propose TALE+, by using an ensemble of top three TALE
models and a sequence similarity-based method, DIAMOND [10], in convex combination (similar
to DeepGOPlus) to reach the best of both worlds.

Over the CAFA3 test set, TALE+ outperformed six competing methods including GOLabeler[110],
the top performer in CAFA3 for two of the three ontologies. Over a more recent and complex test
set, TALE+ outperformed all other methods including NetGO [97], the upgraded version of GO-
Labeler [110] in all three ontologies when only sequence information is used. Importantly, TALE
and TALE+ significantly improved against state-of-the-art methods in challenging cases where test
proteins are of low similarity (in sequence, species, and label) to training examples. The results
prove that our model can generalize well to novel sequences, novel species and novel functions.

The rest of the section is organized as follows. We will first discuss in Methods the data set
used in the study. We will then introduce TALE and TALE+ models in details besides baselines and
end the section with evaluation metrics. We will start the Results section with overall performance
comparison. We will then delve into the analysis on model generalizability in sequence, species
and function. Lastly, we will report an ablation study to delineate the major algorithm contributors

to TALE’s improved accuracy and improved generalizability.

5.3 TALE: Transformer-based protein function Annotation with joint sequence-Label Em-

bedding
5.3.1 Datasets

In this study we consider two annotation time-split datasets: the standard CAFA3 dataset [2]
and our curated dataset. The CAFA3 dataset is used for wider comparison with community per-
formance. Our curated dataset, larger and more updated, is used for controlled comparison and

in-depth analysis such as generalizability analysis and ablation study.
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5.3.1.1 CAFA3 Dataset

We download the CAFA3 dataset, which includes a training set and a (no-knowledge) test set
with experimental annotations published before September 2016 and between September 2016
and November 2017, respectively. For hyper-parameter tuning we randomly split 10% from the
training set to be the validation set (thus training and validation sets are not time-split here). The
sequence statistics of the CAFA3 dataset and its splits are provided in Table 5.1. Ontologies here
include the molecular function ontology (MFO), biological process ontology (BPO) and cellular

component ontology (CCO).
5.3.1.2  Our Dataset

We download the UniProtKB/Swiss-Prot dataset release-2015_12 (last modified on Jan. 20,
2016), release-2017_12 (last modified on Jan. 30, 2018), and the latest release-2020_05 (last
modified on Dec. 2, 2020). Consistent with CAFA protocols [2], only sequences with high-quality
function annotations are retained, i.e., those with at least one annotation within the following 8
experimental evidence codes: EXP, IDA, IPI, IMP, IGI, IEP, TAS, and IC. We use the remaining
sequences annotated by Jan. 20, 2016, since Jan. 30, 2018, and between (but not including) the
two dates as training, test, and validation sets, respectively. And we remove any test sequence that
exists in the training or validation set (100% sequence identity). The sequence statistics of our
curated dataset and its splits are also provided in Table 5.1.

For either dataset, we train all models on the corresponding training set and tune their hyper-
parameters using the validation set. We then retrain models under their optimal hyperparameters,

using both the training and the validation sets, and assess them on the corresponding test set.
5.3.1.3 Hierarchical Relationships between GO Terms

We download the identities and the hierarchical relationships between function labels (GO
terms) from Gene Ontology [91] — “go-basic” release 2016-06-01 and 2020-12-08 for CAFA3
and our dataset, respectively. We consider ‘is a’ and ‘part of” relationships in all three ontologies:

Molecular Function Ontology (MFO), Biological Process Ontology (BPO) and Cellular Compo-
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Dataset Statistics MFO BPO CCO
#Seq in Training Set 32499 48150 45537

#Seq in Validation Set 3611 5350 5059

CAFA3 #Seq in Train. + Val. 36110 53500 50596
#Seq in Test Set 1137 2392 1265

#GO terms 6239 19462 2434

#Seq in Training Set 34996 51345 49957

#Seq in Validation Set 3327 2861 2300

Ours #Seq in Train. + Val. 38323 54206 52257
#Seq in Test Set 1916 2836 2084

#Seq in Test Set without net info. | 1140 1743 1189

#GO terms 6381 19939 2574

Table 5.1: Statistics of sequences and GO terms in various ontologies and splits.

nent Ontology (CCO); and do not consider cross-ontology relationships for now. In this way we
obtain three separate ontologies, each of whose topology is a directed acyclic graph (DAG). For
each annotation in each ontology, we additionally propagate annotations all the way from the cor-
responding GO term to the root node. Finally, those GO terms without a single annotated sequence
are removed and not considered in this study. We note that other studies could remove GO terms
with less than 10, 50, or even 250 annotated sequences thus consider much less GO terms than we

do. The statistics of GO terms on the two datasets over three ontologies are shown in Table 5.1.
5.3.2 Model Overview

We will describe the details of our methods in this subsection. The overall architecture of
TALE is shown in Fig. 5.1. The model has two inputs: a protein sequence and the label matrix (for
capturing hierarchical relationships between all GO terms). It is worth mentioning that the label
matrix is a constant matrix for a given ontology, thus being fixed during both stages of training and
inference. The model itself consists of feature (sequence) embedding, label (function) embedding,
joint similarity modules, as well as fully-connected and output (softmax) layers. We will introduce
these components in the following subsections.

Notations. We use upper-case boldfaced letters to denote a matrix (e.g. X), lower-case bold-

faced letters to denote a vector (e.g. x), and lower-case letters to denote a scalar (e.g. ). We use
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Figure 5.1: The architecture of TALE. Note that the GO label matrix is fixed for each ontology.

subscripts of a matrix to denote a specific row, column, or element (e.g. X for the ith row of X;
X ; for the ith column; and X ; for the entry in the ith row and the j-th column of X'). We also
use subscripts to denote scalar components of a vector (e.g. x; for the ith entry of the vector x).

We use superscript 7" on a matrix to represent its transpose.
5.3.3 Sequence Embedding

Let A denote the set of 20 standard amino acids plus the padding symbol. For a given input
protein sequence s € A™*! of length n, we embed each character (residue) into an h-dimensional
continuous latent space through a trainable lookup matrix W4 and positional embedding, as
described in [13]. The embedded matrix X € R™*” is fed through a transformer encoder that
consist of multiple multi-head attention layers. In this study, we used 6 layers and 2 heads for
each layer. The advantage of such “self-attention” layers compared to convolution layers is that
self-attention can easily and quickly capture long-term dependencies within a whole sequence,
whereas convolution can only capture dependencies of residues within neighborhoods determined
by convolutional kernals. We denote the output matrix of the transformer encoder with P € R"*",

where h is the hidden dimension.
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5.3.4 Label Embedding.

For each given ontology represented as a directed acyclic graph (DAG), we first perform topo-
logical sorting of its nodes (GO terms or labels) and assign an index to each node based on its order
in the sorted array. We then embed node 7 into a c-dimensional binary vector Y'; € {0, 1}1*¢ where
c 1s the number of labels or GO terms. In this way we embed all nodes within the ontology with
a label matrix Y € {0, 1}°*¢ where its ith row Y; € {0, 1}'*¢ is the embedding vector for node i
and its element Y, ; is 1 if node j is an ancestor of node ¢ and 0 otherwise: Y; ; = 1 (Vj € Anc(i)),
where Anc(i) denotes the set containing all ancestors of node ¢ (plus i itself). Similar to the se-
quence embedding, we use a trainable lookup matrix W'abel ¢ Re*" to encode Y as Q € R*",
where

Q=X Wi, (5.1)

Unlike sequence input, the label matrix Y is fixed for each ontology and thus not needed to be

further encoded using a transformer encoder.
5.3.5 Joint Sequence-Label Similarity

We inspect the contributions of individual amino acids to individual function labels, by calcu-
lating the matrix product between P and @ to measure the joint similarity between the sequence
and the label:

M = softmax(P - Q"), (5.2)

where the softmax is row-wised. M; ; suggests the “closeness” or similarity score between amino
acid 7 and label j. For each amino acid 7, we further consider the contributions from other amino
acids, by applying a 1D convolutional layer to M (along the row direction with the columns as
channels), followed by a max-pooling layer. The output of the max-pooling layer is first normal-

ized, and then used for weighting the sequence encoding matrix P:

e =PT.a, (5.3)
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where a € R™! is the output of the max-pooling after column-wise softmax.
5.3.6 Fully-connected and Output Layers

The output of the joint similarity module, e € R"*!, would go through two fully-connected
(FC) layers, with the sigmoid activation function at the second FC layer. The output of the model

y € R is the predicted probabilities for individual GO terms in the ontology, where the ith

component is the predicted probability of label ¢ for a given input sequence.
5.3.7 Loss and Hierarchical Regularization

To train model parameters, we first consider the binary cross-entropy loss:
L/:—liyixﬁi+(1—yi)x(1—?%‘) (5.4)
€=

However, if we only use L/, trained models may make predictions violating the hierarchical con-
straint of function annotation. For instance, the predicted score (probability) of a child GO term
may be larger than the scores of ancestors. To mitigate such hierarchical violation, we then intro-

duce an additional, hierarchical regularization term:

1 PO 1 A
R= G > max(0,§; — §;) = Tz > ReLU(j; — 6), (5.5)
(1,§)EE (1,)EE
where FE is the set of all edges in the ontology graph, and (i, ;) is one edge in F pointing from
node i to j. Therefore, our overall loss function is a weighted sum of both terms: L = L' + AR,

where ), the regularization constant to control the balance between the two terms, is treated as a

hyper-parameter and tuned along with other hyper-parameters using the validation set.
5.3.8 Ensemble Model of TALE+

So far we have introduced all components of TALE. In order to reduce the variance of predicted
scores and their generalization errors, we consider to first use the simple average of the outputs of

top 3 models based on the validation set, as the final TALE predictions.
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Similar to DeepGOPlus [17], we further use a convex combination of TALE (the simple aver-

age) and DIAMONDScore [10] as final outputs of TALE+:

YtaLe+ = O(YTaLE. 1 + YTtaLE. 2 + YtaLk. 3)/3 + (1 — &) Ypiamonp (5.6)

where yrarg; is from the ith best TALE model based on the validation set. After tuning on the
validation set, the best as for three ontologies were set to be 0.4 for MFO, 0.5 for BPO, and 0.7

for CCO. TALE can be regarded as a special case of TALE+ when o = 1.
5.3.9 Experiment Details

We compare TALE and TALE+ to six competing methods, including baselines, latest pub-
lished methods and top performers in CAFA. They include a naive approach of using background
frequency of GO terms [2]; sequence similarity-based DIAMONDScore [10]; deep learning-based
DeepGO (with network information) [15] and recent extensions DeepGOCNN and DeepGOPlus
(DeepGOCNN + DIAMONDScore) [17]; and NetGO [97] that merges the network information
and its earlier sequence-based GOLabeler [110]. For DeepGO, DeepGOCNN and DeepGOPlus,

we used their codes published on GitGub and trained the models on our datasets.
5.3.10 Evaluation

For a test set D, we use two evaluation metrics: Fmax and AuPRC. Fmax is the official,
protein-centric evaluation metric used in CAFA. It is the maximum score of the geometric average

of averaged precision and recall over proteins for all thresholds:

B 2Pre(t) - Rec(t)
Fmax = mtax(ﬁ(t) Rec(t) ), (5.7
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where Pre(t) and Rec(t) are the averaged precision and recall at threshold ¢. Specifically,

Q(t)

5= 1 Yi - Yi(?)

Pell) = 00 2 Janto)s 5
B Dl o (5.8)
Rec(t) bk

B |Dtest‘ =1 |yk|1

where () is the number of samples that have least one non-zero label in D, y; is the true label
vector of kth sample in Dy, and yi(t) is the predicted label vector of the kth sample in D, at
threshold ¢. For the calculation, we iterated ¢ incrementally from O to 1 at a stepsize of 0.01.
AuPRC is a standard metric in machine learning for evaluating the binary classification perfor-
mance, especially suitable for highly imbalance data, which is often the case in protein function
annotation. In multi-label classification, we concatenate all the label vectors and use canonical

AuPRC (single-label) to evaluate the performance.
5.4 Results

We perform comprehensive evaluation of our models from several perspectives. We will start
with comparing them to aforementioned competing methods on various ontologies and test sets.
We will proceed to assess the capability of all models to generalize to novel sequences, novel
species, and novel functions relative to the training set. We will also conduct an ablation study for
TALE and TALE+ to delineate the contributions of their various algorithmic components to overall

performances and various generalizability.
5.4.1 Performance on the CAFA3 test set

We first compare TALE and TALE+ with competing methods over the CAFA3 testset. The
results are shown in Table 5.2. Overall, TALE+ achieved the best performance on biological
process (BPO) and cellular component (CCO); and was the second best (next to GOLabeler) on
molecular function (MFO). Compared to GOLabeler (a top performer in the official assessment
of CAFA3), TALE+ improved the Fmax from 0.400 to 0.431 (by 8%) on BPO and from 0.610
to 0.669 (by nearly 10%) on CCO while having a slightly worse Fmax on MFO (0.615 versus
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Fmax AuPRC

Ontology MFO BPO CCO | MFO BPO CCO
Naive 0.331 0.253 0.541 | 0.312 0.173 0.483
DIAMONDScore | 0.532 0.382 0.523 | 0.461 0.304 0.500
DeepGO 0.392 0362 0.502 | 0.312 0.213 0.446

DeepGOCNN | 0.411 0.388 0.582 | 0.402 0.213 0.523
DeepGOPlus 0.552 0.412 0.608 | 0.502 0.313 0.564

GOLabeler! 0.620 0.400 0.610 / / /
TALE 0.548 0.398 0.654 | 0.471 0.317 0.626
TALE+ 0.615 0.431 0.669 | 0.548 0.370 0.652

Table 5.2: The performance of TALE and TALE+ against competing methods on the CAFA3
test set. Boldfaced are the top performance (Fmax or AuPRC) for each ontology *Top performer
in CAFA3, GOLabeler’s Fmax results (AuPRC being unavailable) are obtained from the official
assessment [2]. Its upgraded version NetGO is only available in a webserver whose training set
may include CAFA3 test sequences, thus not compared.

0.620). Speaking of TALE without the help of similarity-based DIAMONDScore, it tied with
GOLabeler being the third best on BPO (next to TALE+ and DeepGOPlus, both of which use
DIAMONDScore); and it achieved the second best on CCO (only next to TALE+; and improving

Fmax from 0.610 to 0.654 by 7% compared to GOLabeler).
5.4.2 Performance on our test set

We then compare TALE and TALE+ with competing methods over our larger and newer test
set and show the results in Table 5.3. Overall, TALE+ again achieved the best performance in
BPO and CCO; and had the second best in molecular function (MFO). The best performer in
MFO, NetGO was also the second best performer in BPO and the third in CCO. Specifically,
compared to NetGO, TALE+ improved Fmax from 0.423 to 0.459 (by 9%) in BPO and from
0.636 to 0.677 (by 6%) in CCO; and it had worse Fmax (0.703 vs. 0.667) in MFO. TALE alone
without adding similarity-based DIAMONDScore outperformed all other methods except our own
TALE+ in CCO: compared to NetGO, TALE alone improved Fmax from 0.636 to 0.658 (by 4%).
It is noteworthy that NetGO uses additional network information that is not used in TALE or

TALE+. Such network information is often not available to proteins and, in such cases, TALE+
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outperformed NetGO in all three ontologies including MFO, as shown in Table 5.4.

Fmax AuPRC
Ontology MFO BPO CCO | MFO BPO CCO
Naive 0.407 0.281 0.599 | 0.329 0.198 0.545

DIAMONDScore | 0.582 0.359 0.548 | 0.505 0.207 0.448
DeepGO? 0.423 0.231 0.523 | 0.345 0.134 0478
DeepGOCNN | 0.476 0.266 0.616 | 0.419 0.162 0.563
DeepGOPlus 0.634 0.384 0.632 | 0.587 0.235 0.578

NetGO? 0.703 0.423 0.636 | 0.634 0.311 0.623
TALE 0.578 0.336 0.658 | 0.514 0.247 0.635
TALE+ 0.667 0.459 0.677 | 0.604 0.326 0.643

Table 5.3: The performance of TALE and TALE+ against competing methods on our test set. 2Note
that both DeepGO and NetGO use network information besides sequence, whereas other methods
including TALE and TALE+ use sequence alone.

The performance difference among the three ontologies, as observed in both datasets, can be
attributed to the structure and complexity of the ontology as well as the available annotations [104].
Similarity-based DIAMONDScore performed much better than the naive approach (and did well
among all methods) in MFO but worse in CCO. This observation echoes the hypothesis that se-
quence similarity may carry more information on basic biochemical annotations than cellular com-
ponents. Interestingly, CCO is also the ontology where TALE and TALE+ did the best — even
TALE alone was better than all methods other than TALE+ and adding similarity-based DIA-

MONDScore to TALE resulted in less help than it did in MFO and BPO.
5.4.3 Performance on our test set without network information

Protein-protein interaction (PPI) network information can be very useful in boosting the accu-
racy of computational protein function annotation. However, its availability can be limited and,
when available, its quality can also be limited (noisy and incomplete). Table 5.1 shows that only
round 40% of our test set has corresponding network information in STRINGdb, which is already

biased considering that all test sequences have already been functionally annotated with experi-
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ments until now. In reality, only 7% of TTEMBL sequences have corresponding STRINGdD entries
available, regardless of the quality of the network information. The ratio can be even worse for de
novo designed protein sequences. Therefore, a reliable sequence-only function annotation method
is necessary especially when network information is not available.

We thus did performance analysis over the portion of our test set without network information,
1.e, the test sequences whose network information cannot be found in STRINGdb (see statistics
in Table 5.1). In this case alone we used the version of DeepGO codes without network features.
As shown in Table 5.4, TALE+ significantly outperformed all competing methods in all three
ontologies. Compared to NetGO, TALE+ improved Fmax from 0.643 to 0.661 (by 3%) in MFO,
from 0.396 to 0.473 (by 19%) in BPO, and from 0.643 to 0.693 (by nearly 8%) in CCO.

Fmax AuPRC
Ontology MFO BPO CCO | MFO BPO CCO
Naive 0416 0.283 0.597 | 0.324 0.198 0.548
DIAMONDScore | 0.571 0.367 0.528 | 0.488 0.210 0.450
DeepGO 0.423 0253 0.572|0.336 0.213 0.523

DeepGOCNN | 0461 0.273 0.625 | 0.391 0.167 0.576
DeepGOPlus 0.631 0.396 0.644 | 0.575 0.246 0.604

NetGO 0.643 0.396 0.643 | 0.592 0.222 0.544
TALE 0.539 0.346 0.669 | 0.485 0.258 0.649
TALE+ 0.661 0.473 0.693 | 0.591 0.249 0.669

Table 5.4: The performance of TALE and TALE+ against competing methods on the portion of
our test set that does not have network information available.

5.4.4 Generalizability from the training set to the test set

Despite the improved performances of our models, questions remain on their practical utility.
Are they useful in cases where function annotation is needed the most? Sequence-based protein
property prediction (e.g., fold, structure, and function) is needed the most in the “twilight” or even
“midnight” zone where similarity to known annotated sequences is too low to sustain the assump-

tion that similar inputs (sequences) imply similar outputs (aforementioned properties). Similarly, it
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is also needed the most in the “twilight" or “midnight” zone in another sense, where examples for
some specific function labels are never or rarely seen in known annotated sequences (thus referred
to as tail labels).

Besides the practical questions on model applicability in the twilight or midnight zone, fun-
damental biological questions also remain. Have these machine learning models learned anything
fundamental in sequence—function relationships? Or are they merely mimicking patterns in train-
ing data using a complicated function (such as a neural network) that could overfit?

To answer these questions, we examine our models and competing ones in their generalizability
from the training set to the test set. Models considered include sequence-based Naive, DIAMOND,
DeepGOCNN, DeepGOPlus, TALE and TALE+. As the generalizability analysis requires simi-
larity measures between the training and test sets, we couldn’t include the NetGO webserver for
this analysis because its training set is neither accessible nor guaranteed to be identical to ours.
Specifically, we examine the generalizability of these models from three perspectives: sequence,

species, and label (function) as follows.
5.4.4.1 Sequence generalizability

To analyze the generalizability to novel sequences, we split our test set into bins of vari-
ous sequence-identity levels compared to the training set and examine various models’ accuracy
(Fmax) over these bins. Specifically, sequence identity between a test sequence and the training
set is measured by maximum sequence identity (MSI) ! We partition the test sequences into 4 bins
based on MSI: [0,0.2] (midnight zone), (0.2,0.3] (twilight zone), (0.3,0.4] and (0.4, 1.0] (safe
zone), and show the sequence counts (gray dots) and the Fmax scores (colored bars) in these bins
(Fig. 5.2).

As shown in Fig. 5.2, sequence similarity-based method DIAMOND performed poorly com-
pared to deep learning-based models and even the background frequency-based naive approach,

when sequence identity is below 20% (midnight zone) or between 20% and 30% (twilight zone).

'Sequence identity is measured as the number of identical residues divided by the length of the alignment. Se-
quence alignment is performed with the Needleman—Wunsch algorithm [?], using the substitution matrix of BLO-
SUMG62 and the gap penalty as the EBI webserver “EMBOSS Needle”.
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Meanwhile, without a surprise, DIAMOND was the close-to-best performer in MFO, BPO, and
CCO, when sequence identity is above 40% (safe zone). Between DeepGOCNN and TALE that
do not use sequence-similarity scores from other sources, TALE outperformed DeepGOCNN in
all bins. In fact TALE was even the best performer among all on MFO and CCO when sequence
identity is below 20%. For all other combinations of the ontology and the bin, TALE+ had the best
performance. As a convex combination of DIAMONDScore and TALE, TALE+ maintained the
impressive performances of TALE in the midnight and twilight zones and significantly improved

from TALE in the safe zone using the similarity-based information.
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Figure 5.2: The Fmax performances of six models in three ontologies, over 4 bins of increasing
sequence-identity ranges. Low sequence identity indicates low similarity between a test sequence
and the training set. Sequence statistics over the bins (gray dots connected in dashed lines) are also
provided.

5.4.4.2 Species generalizability

To analyze the generalizability to new species, we count for every test sequence the Number of
training Samples of the Same Species (NSSS) and identify those in new species never seen in the
training set (NSSS=0). We further remove “safe zone” test sequences whose maximum sequence
identities (MSI) to the training set are above 40%. The remaining test sequences are thus in new
species and low similarity compared to the training set.

Fig. 5.3 shows the counts (gray dots) and the Fmax scores of various models (colored bars)

over prokaryotes (including bacteria and archaea) and eukaryotes. Again, TALE+ outperformed

76



all competing methods for all six combinations of clades and ontologies; and TALE remained

the second best for all combinations except for prokaryotic CCO where DeepGOPlus, blending

DeepGOCNN and similarity-based DIAMONDScore, edged TALE. Similarity-based DIAMOND

performed very poorly while the naive approach was mediocre.
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Figure 5.3: The Fmax performances of six models in three ontologies, over eukaryotes and
prokaryotes with NSSS=0 (new species) and MSI < 40% (low similarity).

Interestingly, all methods performed better for new eukaryotic species than for new prokaryotic
species in MFO and CCO.

To understand this pattern, we compared the MSI between the sequences in new eukaryotic
species and those in new prokaryotic species on each ontology (MSI below 40%). We found that,
the MSIs for sequences from new eukaryotes are in distribution higher than those for sequences

from new prokaryotes (P-values ranging from 3E-4 to 5E-8 according to one-sided Kolmogorov—

Smirnov test), potentially posing an easier prediction task.

5.4.4.3 Function generalizability

To analyze the generalizability to new or rarely annotated functions (GO labels),
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we first calculate the frequency of the ith label in the training set:

‘Dlrain|
. 1
rain j=1

where | Dyin| is the number of training samples and the binary y; ; is for the ith label of the jth
training sample. Then for the kth test sample, we calculate its average label frequency (ALF) in

the training set as:

ALF(k) = (5.10)

where c is the number of labels, the binary vy, ; is for the jth label of the kth sample in the test
set, and vy, is the stacked vector over all labels. We split the test set into 4 bins based on ALF":
[0,0.2], (0.2,0.3], (0.3,0.4], and (0.4, 1.0], and provide the histograms of the sequences over these
bins in Fig. 5.4 (gray dots). We note that ALF is a protein centric measure that is a protein-specific

average of individual GO term-centric frequencies.
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Figure 5.4: The Fmax performances of six models in three ontologies, over 4 bins of increasing
function/label frequencies (for each test sequence, average label frequencies in the training set,
measured by ALF(-)). Low ALF bins indicate proteins with functions rarely annotated in the
training set.

As shown in Fig. 5.4, the performances of both the naive approach and DeepGOCNN deterio-

rated noticeably as the average label frequency of a test sequence decreases, indicating that current
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deep learning models for function annotation do not necessarily lead to better performances in such
scenarios. Similarity-based method DIAMOND also had mediocre performance especially in low
ALF (< 0.3). In all six combinations of 3 ontologies and 2 low ALF bins ([0, 0.2] and (0.2, 0.3)),
TALE (twice in CCO) or TALE+ (four times in MFO or BPO) had the best performance. In the
other six combinations involving medium or high ALF, TALE+ led all other methods by being
the best performer thrice, followed by DeepGOPlus (twice) and the naive approach (once). These
results attest to the advantage of our models that target tail labels using joint sequence-label em-
bedding. Interestingly, adding similarity-based DIAMONDScore to TALE did not always lead to
a further improved TALE+, as seen in the two lowest-ALF bins in CCO.

In total, TALE and TALE+ outperformed all competing methods in all generalizability tests
(low sequence similarity, new species, and rarely annotated functions), echoing our rationale that
joint embedding of sequences and hierarchical function labels to address their similarities would
significantly improve the performance for novel sequences and tail labels. In addition, combin-
ing TALE and similarity-based DIAMOND into TALE+ also enhanced the performances in some
cases. In contrast, similarity-based DIAMOND did not generalize well to novel sequences in low
similarity, new species and rarely annotated functions compared to the training ones, whereas the
frequency-based naive approach had mediocre performance. Deep learning-based DeepGOCNN
performed poorly for rarely annotated functions (tail labels), whereas DeepGOPlus combining
DeepGOCNN and similarity-based DIAMONDScore improved the performance relative to Deep-
GOCNN.

5.4.5 Ablation Study

To rigorously delineate the contributions of algorithmic innovations that we have made in
TALE and TALE+ to their improved performances and superior generalizability, we perform the
following ablation study. Starting with DeepGOCNN, we incrementally add algorithmic compo-

nents and introduce variants to eventually lead to TALE and TALE+:

* B1: replacing the convolutional layers in DeepGOCNN with the transformer encoder plus

the input embeddings. Unlike Eq. (5.3) where a is the output from joint label embedding,
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the output of the encoder here P € R™*" would be simply row-averaged to obtain e;

* B2: replacing the DeepGOCNN post-training correction of hierarchical violations in B1 with

the additional loss term of hierarchical regularization (Eq. 5.5);

* B3: adding label embedding and joint similarity modules to B2 for joint sequence—label

embedding.

TALE is using the average of the top-3 B3 models (based on the validation set) and TALE+ is a
convex combination of TALE and DIAMONDScore.

The overall performances of the above models over the test set are summarized in Fig. 5.5(a).
From DeepGOCNN to TALE+, both Fmax and AuPRC are gradually increasing over model vari-
ants. In MFO and BPO, the convex combination with DIAMONDScore had the largest single
contribution to the overall Fmax or AuPRC increase, whereas the TALE innovations, including
the transformers, hierarchical regularization, label embedding (jointly with sequence embedding)
and model ensembling, together contributed about the same. In CCO, DIMAONDScore still con-

tributed but the TALE innovations contributed much more in improving both measures.
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Figure 5.5: The Fmax performances of various models in the ablation study for (a) the overall test
set as well as test sequences (b) with MSI<30%, (c) in new eukaryotic or prokaryotic species and
with MSI<40%, or (d) average label frequency < 20%.

Various generalizability of the above models is also assessed over test sequences with low simi-

larity (MSI<30%), in new species (and with MSI<40%), or rarely annotated functions (ALF<20%),
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as summarized in Fig. 5.5(b)-(d), respectively. Interestingly, similarity-based DIAMONDScore
was no longer found the largest single contributor to Fmax improvements except in BPO, and
sometimes found to hurt the performance. Instead, joint embedding, hierarchical regularization
and sometimes transformers, were often found the largest contributors to many Fmax improve-
ments among combinations of generalizability types and ontologies considered, which attests to

the rationales of our algorithm designs.
5.5 Conclusion

In this chapter, we focus on the forward sequence-to-function prediction problem, and de-
scribed a novel transformer-based deep learning model named TALE, with joint embedding of
sequence inputs and hierarchical function labels. The transformer architecture could learn se-
quence embedding while considering the long-term dependency within the sequence, which could
generalize better to sequences with low similarity to the training set. To further generalize to
tail labels (functions never or rarely annotated in the training set), we learn the label embedding,
jointly with the sequence embedding, and use their joint similarity to measure the contribution of
each amino acid to each label. The similarity matrix is further used to reweigh the contributions
of each amino acid toward final predictions. In addition, we use TALE+, a convex combination
of TALE and a similarity-based method, DIAMOND, to further improve model performances and
generalizability.

Our results on a time-split test set demonstrate that TALE+ outperformed all sequence-based
methods in all three ontologies and outperformed the state-of-the-art hybrid method (using network
information) in BPO and CCO. When network information is not available, TALE+ outperformed
all competing methods in all ontologies. Importantly, both TALE and TALE+ showed superior gen-
eralizability to sequences of low homology (and in never-annotated new species) and never/rarely
annotated functions, echoing the rationales of our algorithm development. Ablation studies indi-
cate that our newly introduced algorithmic components, especially transformer encoders and joint
sequence—label embedding, contributed the most to such sequence, species, and function general-

izability, whereas sequence similarity-based DIAMONDScore sometimes helped.
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TALE proposes a feasible way for solving the forward sequence-to-function prediction prob-
lem. In the next chapter, we will study the protein sequence-function relationship in the opposite

direction: from function to sequences.
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6. Inverse Protein Function-to-Sequence Relationship

6.1 Preface

The previous chapter studied the protein sequence—function relationship in the forward direc-
tion and proposed a novel algorithm for predicting the protein functions from protein sequences.
In this chapter, we focus on the inverse direction: from functions to sequences. To the end, we
propose Func2Seq: a novel conditional transformer-based autoregressive generator for functional

protein sequence design.
6.2 Introduction

Designing novel proteins with desired functions can result in enormous impact on biomedical
and pharmaceutical applications [111], including vaccination [112], immunotherapy [113], and
biosensors [114]. Directed evolution[115, 116, 117] and physics-based force-field modelling [118,
119] are two main approaches in the past several decades. Directed evolution [115] relies on
random mutations of known proteins with screening and selection, while physics-based modelling
requires energy calculation for protein structures in every iteration of the algorithm. Despite great
success, those methods not only are time-consuming, but also explore only a tiny fraction of the
entire sequence space.

The challenges of functional protein engineering originate from two perspectives. First, the
extremely large protein sequence space poses a direct barrier for any types of search algorithm.

For instance, a small protein of length 100 could have 20'%

sequence combinations. Second, the
functional landscape in such a huge sequence space could lay in an irregular, non-smooth manifold.
For instance, the neighbor of a functional sequence with just a single mutation could lead to the
complete loss of function [120].

In order to overcome aforementioned barriers, a promising direction is to use data-driven meth-

ods. The data-driven methods, especially deep learning, have already revolutionized several fields

outside of the realm of biology, such as computer vision [121] and natural language process-
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ing [13]. They also show potential power for structure-based [122] , fold-based [123, 124] and
function-based protein design [125, 126, 127]. More recently, AlphaFold2 [128], a deep learning
model for protein structure prediction surpassed all competing methods with a big margin in the
14th Critical Assessment of Techniques for Protein Structure Prediction (CASP14) competition,
which also motivates a strong confidence in utilizing deep learning for inverse design.

In the past few years, a number of data-driven methods have already been developed for learn-
ing the functional landscape in the sequence space. For example, Shin e al [125] used an autore-
gressive generative model for mutational effect prediction and functional protein design. Greener
et al [126] developed a conditional variational autoencoder (VAE) for designing metalloproteins.
Hawkins et al [129] also used VAE to generate novel, functional variants of the luxA bacterial
luciferase. Lastly, Madani et al [127] trained a 1.2B-parameter language model conditioned on
taxonomic and keyword tags.

Despite various eventual goals, the core of those methods (except Madani et al) is a uncondi-
tional generative model trained through a single family dataset. However, the knowledge of the
functional sequences, which characterizes the functional landscape, should not be limited within
the sequence family of desired functions, but shared across other functions and their correspond-
ing sequence families. For instance, proteins for magnesium ion binding (Gene Ontology ID:
G0:0000287) have the same predominant motif of secondary structures as proteins for manganese
ion binding (Gene Ontology ID: GO:0030145). To utilize such knowledge, one must consider the
relationships of different functions in the functional space. So a learned functional embedding for
the generative model is necessary. In this sense, the one-hot tag input in Madani et al’s method is
not suitable for learning the functional dependency when generating sequences.

In order to utilize the knowledge from other functions and their corresponding protein families,
we develop a novel meta-training framework for functional protein engineering: 1) We combine
the information of the node definition/description and the graph topology in the Molecular Func-
tion Ontology (MFO) to embed each node function into the latent space using a novel two-stage

graph convolutional networks(GCN) + BioBERT[130]. We train such networks to obtain an em-
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bedding vector for each node. 2) We then build a transformer-based autoregressive generative
model conditioned on embedding vectors through the entire RP15 Pfam dataset [131].

We first train our GCN for embedding the MFO nodes into the latent space. Moreover, we
combine two domain-to-function annotations datasets, Pfam2GO [132] and GODM [133] for an-
notating each Pfam domain by GO terms. We then pretrain our generative meta-model using the
entire RP15 dataset with learned function embeddings as the inputs. Finally, for each downstream
task for specific functions, we fine-tune our meta-pretrained model on each specific protein family.

Our results on mutational effect prediction show the improved performances in 35 out of 40
proteins against the state-of-the-art alignment-free method [1]. The ablation study further demon-
strates the advantages of the meta-pretraining.

Moreover, we use our model to generate domain sequences for a DNA binding domain condi-
tioned on the functions of that domain. Our results show that our model can learn the evolution-
ary information of domain sequences and, at the same time, design diverse and novel sequences
with conserved functional motif. The results demonstrate the power of our model for designing
functional sequences and expanding the current sequence space within the the allowed biological

constraints of such functions.
6.3 Methods
In this section, we will describe our method in details.
6.3.1 Data
6.3.1.1 Gene Ontology and Family Annotation

We download the identities and the hierarchical relationships between function labels (GO
terms) from Gene Ontology [91] — “go-basic” release 2020-12-08. We consider ‘is a’ and “part
of” relationships in Molecular Function Ontology (MFO) and do not consider cross-ontology re-
lationships for now. In this way we obtain one ontology which is a directed acyclic graph (DAG).
As aresult, our final ontology has 11163 nodes.

We then download the Protein family and GO association data from Pfam2GO and GODM.
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We combine two datasets together and only consider the GO terms in the aforementioned MFO.
6.3.1.2 Pretraining

We download the RP15 dataset from Pfam website [131]. We exclude those sequences 1) that
have non-natural amino acids, 2) whose family has no GO annotations, and 3) whose sequence
lengths are more than 800. As a result, we have 8,772,255 sequences that will be used for pretrain-

ing a meta model.
6.3.1.3 Mutational Effect Prediction

We use the training and test datasets in Shin2021 et al[1] which are kindly provided by Marks’s
group. The dataset for fine-tuning includes 40 proteins, each of which has one sequence family

training set and a mutation effect test set.
6.3.1.4 DNA binding domain

We consider the ARID domain (PFO1388) in the Pfam for designing functional protein se-
quences. We choose this family due to that 1) it has very sufficient and diverse natural sequences,
and 2) it has ground-truth motif assessed in vitro. We use Pfam UniProtKB which has 19,077
sequences. We filter out those sequences that either have non-natural amino acids (0.2% of all
sequences), or are longer than 100 amino acids (1.5% of all sequences). As a result, this dataset

for fine-tuning has 18,740 sequences.
6.3.2 Graph Ontology Embeddings

In this section, we describe how we embed the nodes in the Gene Ontology graph through a

two-stages GCN plus BioBERT text embeddings.
6.3.2.1 Node Features by BioBERT.

We use BioBERT v1.1 [130] to embed both the definition phrase and the description sentence
of each node to be its node features. Specifically, for each definition phrase with length n4.s and
each description sentence with length ng¢, the BioBERT embeds them into two dense matrices

with shape (nger, h) and (nges, k), respectively, where h is the hidden dimension and is set to be
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Figure 6.1: The architecture of graph ontology embedding.

768 by BioBERT. We then take the mean of each dense matrix along the sequence direction and
then take the average over the two. As a result, we finally have a 768-length dense vector, which

will be used as the node features during graph embedding.
6.3.2.2 Graph Ontology Embedding by TSGCN.

After obtaining the node features, we embed the whole ontology graph through a novel Two-
stage Sequential Graph Convolutional Networks (TSGCN), as shown in Fig. 6.1. The key com-
ponent of TSGCN is a sequential GCN (SGCN) module. Since each Gene Ontology graph is a
directed acyclic graph (DAG), we consider the hierarchical relationship among the nodes. There-
fore, unlike traditional graph convolutional networks, whose node features are aggregated isotrop-
ically and locally, we aggregate the node features anisotropically and globally in order to respect
the hierarchical and directional relationships within the graph. Specifically, we aggregate the node
features in two directions: bottom to top (B2T) (Fig. 6.1 middle) and top to bottom (T2B) (Fig.

6.1 bottom). The aggregation function is otherwise the same as in the original GCN paper. We
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concatenate B2T-SGCN and T2B-SGCN sequentially as one TSGCN layer and we use 3 layers

eventually for graph ontology embedding.
6.3.2.3 Self-supervised Loss Functions (Lower Bound of Mutual Information)

The goal of ontology embedding is to make semantically similar nodes similar in the latent
space as well. To achieve this goal, we follow the ordinal contrast and metric learning framework
and try to maximize the similarity between two semantically positive nodes and minimize the sim-
ilarity between two negative nodes. For any two positive pair nodes (u, v), we want to maximize
their mutual information between their latent representations z, and z,. Inspired by the InfoNCE

loss [134, 135], we construct the self-supervised loss as:

L(v) = —Ep)v)SIM(2y, 2,) + log N Ep(,) exp SIM(z,, 2,,) (6.1)

where P(v), P(u) and P(u|v) are marginal distributions for u and v and the conditional distribu-
tion of u given v, respectively; SIM(z,, z,) is the similarity measure between two latent vectors
2y, 2, and NN is the number of negative samples. Minimizing loss L equals to maximizing the lower
bound of the mutual information between z, and z,.

For P(v) and P(u), we choose the uniform distributions over all nodes in the graph. For
SIM(z,, z,), we follow the GraphSage paper and use SIM(z,, z,,) = log(c(2,, z.)), Where o is
the sigmoid function. The most important component is P(u|v), as its reflects our prior knowledge
about what should be a positive pair. In DeepWalk, Node2Vec and GraphSage, it is the distribu-
tions over the nodes that co-occurs in the fixed-length random walk starting from v. Therefore
Prandom_waik (u|v) = 1T P¥, where 1, is the one-hot vector over all nodes with node v equal to 1; Py
is the transition probability matrix, which is dependent on the topology of the graph G, and k is the
length of the random walk.

This P(u|v) reflects the prior knowledge that the two near nodes should have similar embed-
dings, which is common in all general graph embeddings. However, we have more information

besides that. The similarity of two nodes are positively related to the number of common ances-
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tors. Moreover, it is related to the fraction of common ancestors over the union of their ancestors.
Therefore, our P(u|v) should reflect that. To do so, we assume a Boltzmann distribution over
nodes as

P(u|v) o< exp(aS,(u)), (6.2)

where S, (u) is the fraction of of common ancestors over the union of ancestors between node v and
u, and « is the hyperparameter controlling the balance between the exploration and explotation.
Large o means more local sampling while small & means more diverse sampling. After tuning on

the validation set, we set o = 15.

_ lancestor(u) N ancestor(v)|

S, (u) 6.3)

~ |ancestor(u) U ancestor(v)|’

where ancestor(u) is the set of all ancestors of node .
During training, we sample 200 samples from P,(u) and Q(u) respectively for every node v in

the graph.
6.3.3 Transformer-based Generative Model

For a training seq s, we denote its molecular function set as {v!, v, ..., v"}. Then its learned
function embedding set is {z(v}), z(v?), ..., 2(v") }. These n vectors will be concatenated together
to form a 2D tensor and will be used as the input for the generative model. It is noteworthy that
the transformer model is permutation invariant to the input sequence, which means that any order
of input functions will output the same results. The architecture of our generative model is shown
in Fig. 6.2. The main component is a transformer decoder, which includes 4 decoder layers. Each
decoder layer starts with a self-attention module, followed by a cross-attention module and ended

with a fully connected layer. The query and key inputs to the cross attention will be the functional

embeddings.
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Figure 6.2: The architecture of the conditional autoregressive model.

6.3.4 Model Training and Hyperparameter Tuning

We train our model in two stages: meta-pretraining and fine tuning. In both stages, We use
Adam optimizer with the learning rate as a hyperparameter. We also consider the weight decay as

the regularization.
6.4 Results
We perform comprehensive experiments to analyze the performances of our model as well as

competitors. Overall, we summarize our results into three parts:

* First, we justify the advantages of our learned function embeddings against others three two

tasks:

— We use learned embeddings to predict protein-protein interactions.

— We assess the learned embeddings using metrics in language modelling.
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* Second, we assess model’s performances in mutational effect prediction:

— We assess the correlation between the predicted effect against the fitness score of each

mutation.

— We assess the ability of each model for classifying disease and benign mutations through

the disease-associated mutation dataset.

* Last, we choose one family for which we design functional protein sequences. We assess the
generated sequences in-depth and compare them against the natural ones through sequence

identity, sequence profile, sequence motif and tSNE visualization of the sequence space.

6.4.1 Predicting the Protein-Protein Interactions through GO embeddings

Before going into the generative model, we first assess whether our learned functional embed-
dings can actually capture the semantics of each GO node. One way of the assessment is to use
embeddings for link prediction in the protein—protein interaction (PPI) networks, as neighbored
proteins in the PPI network usually have similar functions. We follow the pipeline in GO2Vec
[136] and obtain the PPI data from StringDB [102] for two organisms: Yeast (Saccharomyces cere-
visiae) and Human (Homo sapiens). For each protein, we obtain their MFO annotation through
Swiss-Prot with 8 CAFA evidence codes. We filter out those proteins that do not have any MFO
annotations. As a result, we have 5,470 proteins and 5,596,512 interactions for Human and 2,156
proteins and 1,312,896 interactions for Yeast. We also randomly sample the same amount of non-
connect protein pairs as the negative set. For similarity calculation, we also use the modified

Hausdorff distance [137] as in the GO2Vec [136].

. . 1
Sim(H,, Hy,) = mln(‘Ha| hezm |fgl€a§<b(cos(ha, hy)),
1

i L o)

H,
’ b’ hy €| Hy|

(6.4)

where H, = {h,1, hy2, h,s3...} is the set of latent vectors for node v1,v2, .., which are the GO

annotations for protein a, and the same for protein b.
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We report 5 different metrics for assessing the performances of link prediction: Area under
the Receiver Operating Characteristic curve (AuROC), Area under the Precision and Recall Curve
(AuPRC), F1-score, Precision and Recall, where F1-score, precision and recall are obtained when
F1-score is the largest under varying thresholds.

We compare our BioBERT+TSGCN with 5 competitors: node2vec [138], DeepWalk [139],
BioBERT [130], BioBERT+GAT and BioBERT+GCN. The performances are shown in Table 6.1.
Overall, BioBERT+TSGCN has shown the best performances in 4 out of the 5 metrics, in which
BioBERT+GCN is the second best performer. Specifically, BioBERT+TSGCN improved the Au-
ROC by 0.017 and the AuPRC by 0.014 against the BioBERT+GCN in the Human test set, and
AuROC by 0.024 and the AuPRC by 0.017 against the BioBERT+GCN in the Yeast test set. It is
noteworthy that node2vec, DeepWalk only utilize the graph topology information, while BioBERT
only uses the text information. This demonstrates the power of combining the text description with

graph neural networks for embedding ontology nodes.

Human Yeast
AuROC | AuPRC | Fl-score | Precision | Recall | AuROC | AuPRC | Fl-score | Precision | Recall
node2vec 0.776 0.800 0.716 0.627 0.835 0.750 0.790 0.690 0.597 0.818
DeepWalk 0.771 0.800 0.710 0.629 0.815 0.738 0.785 0.682 0.572 0.843
BioBERT 0.740 0.760 0.698 0.600 0.833 0.737 0.762 0.694 0.589 0.843

BioBERT+GAT 0.778 0.798 0.720 0.625 0.849 | 0.750 0.788 0.692 0.617 0.786
BioBERT+GCN 0.800 0.822 0.734 0.624 0.889 | 0.777 0.811 0.711 0.610 0.851
BioBERT+TSGCN | 0.817 0.836 0.745 0.616 0.943 | 0.801 0.828 0.730 0.577 0.995

Table 6.1: The performance of link prediction task in PPI networks.

6.4.2 Assessing the Generators as Language Models

In this section, we assess our learned functional embedding through its generalizability for
generative models. Specifically, we split all Pfam families into 3 sets: a training set, a cross-
domain (CD) set and a out-of-domain (OD) set. The CD set shares the individual GO terms with
the training set, while the OD set has completely ‘novel’ GO terms against the training set. We

further split 1% sequences from every family in the training set to form a in-domain (ID) test set.
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The generalizability difficulty increases from ID test set to OD test.

Inspired from the language model assessment, we assess the perplexity per residue for each
embedding method over 3 test sets. The performances are shown in Table 6.2. Overall, all methods
perform much better in the ID test set than in the CD and OD test set. It demonstrates the difficulty
of designing sequences for the new functions. Moreover, BioBERT+TSGCN performed on par
with other methods on all three sets. In order to remove the effect of large family dominating the
performances, we calculate the averaged perplexity per family. The results are shown in Table 6.3,

from which we could obtain similar conclusions.

ID Test Set | CD Test Set | OD Test Set
Random 21.00 21.00 21.00
node2vec 9.67 19.11 18.49
DeepWalk 9.61 19.13 18.52
BioBERT 9.60 19.41 18.86
BioBERT+GAT 9.98 19.05 18.70
BioBERT+GCN 10.09 19.33 18.80
BioBERT+TSGCN 10.04 19.20 18.56

Table 6.2: The perplexity of different methods for ID, CD and OD test sets, respectively.

ID Test Set | CD Test Set | OD Test Set

Random 21.00 4+ 0.00 | 21.00 + 0.00 | 21.00 +£ 0.00
node2vec 13.50 = 3.98 | 20.32 +=4.24 | 18.88 £ 1.67
DeepWalk 13.31 =3.99 | 20.15 +£3.99 | 18.94 £+ 1.48
BioBERT 13.32 £3.98 | 2043 £4.40 | 19.19 = 1.51
BioBERT+GAT 14.12 £=3.98 | 20.16 £5.13 | 18.92 +1.39
BioBERT+GCN | 14.24 +3.95 | 19.91 £3.95 | 19.06 &= 1.53
BioBERT+TSGCN | 14.29 +3.99 | 20.05 £ 5.04 | 18.97 £ 1.45

Table 6.3: The averaged perplexity over families of different methods for ID, CD and OD test sets,

respectively.

We would like to further assess the performances of the subsets of the CD or OD test sets which
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share or does not share the clans with the training sets. Specifically, we split the CD(OD) test set
into the in-clan CD(OD) test set and the out-clan CD(OD) test set, where families in the in-clan
test set share the clans with at least one family in the training set, while families in the out-clan test
set does not share clans with all families in the training set. As a result, we have 40 and 39 families
for the CD in-clan and out-clan test sets, respectively, 81 and 120 families for the OD in-clan and
out-clan test sets, respectively. The results are shown in Table 6.4 for overall perplexity and in
Table 6.5 for family-averaged perplexity. Overall, all methods show slightly better performances
in the in-clan CD test set than those in the out-clan CD test set. BIOBERT+TSGCN has shown the
best performance with least standard deviation in the in-clan test set on family-averaged perplexity.
For OD test set, all methods show slightly better performances in the out-clan test set than those in
the in-clan test set. It may be due to that the generalizability is so difficult for OD test set so that

the in-clan and out-clan separation does not show too much difference.

In-clan CD Test | Out-clan CD Test | In-clan OD Test | Out-clan OD Test
Random 21.00 21.00 21.00 21.00
node2vec 19.04 19.94 18.83 18.22
DeepWalk 18.98 20.19 18.83 18.31
BioBERT 19.39 20.23 19.04 18.76
BioBERT+GAT 18.98 19.86 19.15 18.34
BioBERT+GCN 19.25 19.61 19.12 18.57
BioBERT+TSGCN 19.03 19.87 18.86 18.40

Table 6.4: The perplexity of different methods for the in-clan, out-clan subsets of CD and OD test
sets, respectively. (Boldfaced numbers are the best performance in each test set.)

6.4.3 Predict the Fitness-correlated Effect of Protein Variants

From this subsection, we will go into the second part of our results: predicting the effect of
protein variants. In this section, we will assess the correlation between the predicted effect against
the fitness score of each mutation using Shin et al’s [1] dataset.

Specifically, we followed the same pipeline as in Shin et al’s [1] for model fine-tuning and
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In-clan CD Test | Out-clan CD Test | In-clan OD Test | Out-clan OD Test
Random 21.00 £ 0.00 21.00 4+ 0.00 21.00 4+ 0.00 21.00 4+ 0.00
node2vec 20.07 4+ 3.58 20.57 + 4.81 19.14 +1.79 18.71 + 1.56
DeepWalk 19.61 £+ 2.31 20.70 & 5.12 19.13 £ 1.22 18.82 £ 1.62
BioBERT 19.80 £ 2.38 21.08 £5.70 19.26 + 1.30 19.14 £+ 1.63
BioBERT+GAT 19.53 £ 2.04 20.80 £ 6.95 19.16 £ 1.11 18.75 £ 1.53
BioBERT+GCN 19.54 £ 1.79 20.28 + 5.29 19.24 + 1.40 18.95 £+ 1.60
BioBERT+TSGCN | 19.40 + 1.45 20.73 + 6.95 19.11 £ 1.24 18.88 4+ 1.57

Table 6.5: The averaged perplexity over families of different methods for the in-clan, out-clan
subsets of CD and OD test sets, respectively. (Boldfaced numbers are the best performance in each
test set.)

model ensemble. We calculate the Spearman correlation between our predicted effect against
the ground-truth fitness score. We compare with Shin ef al [1], an alignment-free method, and
4 alignment-based methods: DeepSequence [140], EVmutation [141], Independent and Hidden
Markov Model [142] (HMM). The results of those 5 competitors are extracted from the Figure
2(a) in Shin et al. [1] through WebPlotDigitizer [143].

It can be seen from Figure 6.3, that our model outperformed Shin et al in 30 out of 35 proteins
and even outperformed the best alignment-based method, DeepSequence, in 25 out of 35 proteins.
On average, our model improves the Spearman correlation by 0.041 against Shin et al, and 0.053
against DeepSequence. To further justify the significance of those values, we perform one-sided
t-test with null hypothesis: “The mean of our Spearman correlation is not larger than Shin et al’s
or DeepSequence’s", resulting in p-value = 6.2E — 6 and 0.0029, respectively, which demonstrates
the advantages of our model comparing to both alignment-based and alignment-free methods.

Besides the overall performances, in order to figure out how much did pretraining, fine-tuning
and ensemble contribute to the performance improvement, we also perform the following ablation
study: we compare our final model against 3 ablated models: ours with only pretraining, ours with
only fine-tuning (cold start), and ours with pretraining plus fine-tuning (without ensemble). In
addition, we are interested in comparing our model without ensemble against Shin et al without

ensemble.
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Figure 6.3: Performances of Mutational Effect Prediction in Shin et al’s [1] dataset.
The results are shown in Figure 6.4. Overall, Ours: Pretrain+Finetune(warm start) outper-

Lastly, comparing Ours: Pretrain+Finetune(warm start) vs Ours: Pretrain, the former one out-
In conclusion, both pretraining and fine-tuning contributes non-trivially to the performances

This demonstrates our model without ensemble can still outperform Shin2021et al without ensem-
Moreover, comparing Ours:

the former one outperformed the latter one in 33 out of 35 cases, with average 0.044 improved
Spearman correlation and p-value = 4.2E — 8. This demonstrates the advantages of pre-training.
performed the latter one in all 35 cases, with average Spearman correlation improved by 0.238

formed Shin2021 Finetune(cold start) in 30 out of 35 cases, with average Spearman correlation
improved by 0.040. We perform the same aforementioned t-test, revealing a p-value of 4.2E — 5.

improvement, with fine-tuning contributing more.

with p-value = 3.3E — 13.

ble.
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Figure 6.4: Ablation Study of Mutational Effect Prediction.

We also did the extra study of comparing Ours:pretrain against HMM. We found Ours:pretrain

Moreover, Ours:pretrain worsens the Spearman

only outperforms HMM in 9 out of 35 cases.

correlation by 0.09 against HMM, with p-value = 0.99998, which indicates almost certainly that

family-specific HMM performs better than the meta-model Ours:pretrain.

We further investigate the potential factors that impact the performance improvement from

either Shin2021 or DeepSequence to our model. We consider three factors: the size of the family,

the diversity of the family and the length of the test sequence. Specifically, we use the number of

the training sequences as the size of the family, the number of the clusters after clustering all the

training sequences as the diversity of the family. For each factor, we calculate the differences of

Spearman correlations between ours and Shin2021 or DeepSequence respectively for all 35 test

cases.

The results are shown in Fig. 6.5. Overall, the diversity (number of clusters) has most impact

0.463), while the

for the performance improvement of ours against Shin2021 (Pearson correlation
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Figure 6.5: The delta Spearman correlation between ours and Shin2021 or DeepSequence of 35
test proteins against three factors.

sequence length has most impact for the performance improvement of ours against DeepSequence
(Pearson correlation=0.392). As the data-driven, alignment-free method, Shin 2021 heavily relies
on diversity of the training data. Although it utilizes the weight-balanced training, for low-diversity
cases, our model significantly outperform it, which shows the unique advantage of our pretrain-
ing+finetuning training scheme. Moreover, DeepSequence is an alignment-based method which
relies on the multiple sequence alignment (MSA). As MSA favours short, rich sequences, it is rea-
sonable that our model has the biggest advantages in the region while the sequence length is long

and the family size is small, which echoes the pattern shown in Fig 6.5.
6.4.4 Predict the Disease-associated Effect of Protein Variants

In this section, we will examine our models in disease-associated effect prediction of pro-
tein variants. Predicting such genotype—phenotype associations can provide enormous benefits for
biomedical and pharmaceutical applications. Specifically, we use a disease-associated mutation
effect dataset at Pfam level which was kindly provided by Savojardo et al [144]. The dataset con-

tains in total 22,763 disease-related variations distributed in 1670 Pfam families. Each variation
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has a binary ground-truth label which could be either “Disease” or “Benign”.
We focus on predicting the binary ground-truth labels of all variations with in each Pfam family
through totally unsupervised learning. We use Pfam UniprotKB dataset as the training set. In this

study, we choose several Pfam families that are representative for different purposes:

* “Small family”: Those families have small number of training sequences in Pfam Unipro-
tKB. Therefore, training them only through fine-tuning (cold start) may not lead to good
performances. We choose 5 small families based on the following criteria: We first rank all
1670 Pfam families based on the increasing size of their training sets. Then we choose the
first 5 families which have 1) available GO annotations and 2) at least 20 variants in the test

set.

» “Top disease-associated family”: Families that are mostly associated with diseases: We
choose the top 5 families that are mostly associated with diseases in Table 2 in Savojardo et

al. [144].

* “Disease-Benign balanced family”: Families have roughly same amount of disease and be-
nign variants. We also choose 5 families in these case because we would like to investigate

the model performances on balanced test sets.

The statistics of all 15 families are shown in Table 6.6. It can be seen that the number of
training sequences for 5 Pfam families in the “Small familiy” set is much smaller than those in the
other two sets. Moreover, we also report the ratio of disease variations in the test set. It can be
seen that such ratio is very high in “Top disease-associated family”, around 0.5 in “Disease-Benign
balanced family” and random in “Small family”.

For the final score used for classification, we choose the absolute value of the difference of the

the log probability per residue between the mutant sequence and the wild type sequence:

log P(*Smutant) _ 1Og P(Swildtype>|

TNmutant Nwildtype

(6.5)

score = |
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where npyane and nyiigype are the length of mutant and wild type sequences, respectively. In this

study, due to all the variations are missense mutations, we have nmygani = Nwildtype-

The reason why we use absolute value here is because for mutants that cause diseases would

result in larger absolute differences between their functions and the wildetype’s functions, no mat-

ter which genes they are on (disease-associated mutations on oncogenes or tumor suppressor genes

will cause the gain of the functions or loss of the functions, respectively).

Pfam | #Train seqs | #Test mutations | Disease ratio
Small family PF02101 596 40 0.850
PF00184 952 37 0.919
PF02060 1128 20 0.650
PF00377 1298 20 0.700
PF09773 1768 32 0.781
Top disease-associated family | PF0O0105 46357 62 0.968
PF00250 30349 91 0.967
PF00010 112980 50 0.960
PF00104 45655 207 0.908
PF00307 109291 53 0.906
Disease-Benign balanced family | PFO0028 358710 151 0.497
PF00092 130462 131 0.458
PF07679 496724 252 0.464
PF(02932 41273 119 0.487
PF00084 169167 106 0.566

Table 6.6: The statistics of disease-associated dataset.

We report the performances using AuPRC, which is shown in Table 6.7-6.9. It can be seen

that, in the “Small Family” set, pretrain is very useful. In the “Top disease-associated family”,

Our:pretrain+finetune(warm start) has 3 best out of 5 cases. In “Disease-Benign balanced family”,

Our:pretrain+finetune(warm start) also has the 3 best out of 5 cases. Moreover, in the ‘Disease-

Benign balanced family’, we can see the performance improves a lot from Random to the final

model, which demonstrate the usefulness of our model.
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PF02101 | PFO0184 | PF02060 | PFO0377 | PF09773
Random 0.850 0.919 0.650 0.700 0.781
Shin 2021 0.943 0.979 0.931 0.871 0.960
Our:pretrain 0.889 0.993 0.847 0.739 0.849
Our:finetune(cold start) 0.857 0.983 0.783 0.936 0.960
Our:pretrain+finetune(warm start) 0.943 0.982 0.814 0.941 0.973

Table 6.7: Small family.

PF00105 | PF00250 | PFO0010 | PFO0104 | PFO0307
Random 0.968 0.967 0.960 0.908 0.906
Shin 2021 0.941 0.990 0.998 0.982 0.964
Our:pretrain 0.949 0.987 0.991 0.949 0.917
Our:finetune(cold start) 0.940 0.997 0.995 0.971 0.982
Our:pretrain+finetune(warm start) 0.965 0.994 0.999 0.986 0.974

Table 6.8: Top disease-associated family.

PF00028 | PFO0092 | PFO7679 | PF02932 | PFO0084
Random 0.497 0.458 0.464 0.487 0.566
Shin 2021 0.767 0.749 0.647 0.901 0.854
Our:pretrain 0.702 0.685 0.692 0.908 0.866
Our:finetune(cold start) 0.775 0.733 0.709 0.903 0.869
Our:pretrain+finetune(warm start) 0.792 0.772 0.660 0.896 0.876

Table 6.9: Disease-Benign balanced family

6.4.5 Designing Functional Proteins for a DNA binding domain

In this section, we will go into the last part of our results. We will generate sequences through
our conditional generator and analyze the design ability of our model for a DNA binding domain:
ARID domain (AT-rich interaction domain; also known as BRIGHT domain). Protein—-DNA in-
teractions play central roles in many cellular processes. ARID-encoding genes are involved in a

variety of biological processes including embryonic development, cell lineage gene regulation and

cell cycle control.

Starting from our pretrained model, we fine-tune it using the Pfam UniprotKB dataset of this
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family. To assess the model’s performance during training, we generated 64 sequences every 5000
iterations through ancestral sampling. We analyze the maximum sequence identity between each
generated sequences to the training set. The performance is shown in Fig 6.6 (Top). It can be seen
that, the MSI reaches a plateau around 60%. We then use the model trained at 90,000 iterations
and generate 1,000,000 sequences. We then use Diamond to filter out the generated sequences
compared to the training set, which cut around 23% of the sequences. We randomly choose the

same amount of the sequences as the training set for further analysis.
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Figure 6.6: (Top) The mean(std) of the maximum sequence identity between generated sequences
and the training sequences against the number of training iterations. (Left). The entropy of natural
and generated sequences at each position. (Right). The frequency of amino acids at sequence motif
positions for both natural and generated sequences.
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We first examine whether our generated sequences can learn the intrinsic pattern within the
natural sequences. To achieve that, we first did multiple sequence alignment by combing the
natural and generated sequences and then calculate the Shannon entropy at each position for both
natural and generated sequences, respectively. The results are shown in Fig 6.6 (Left). It can be
seen that the two curves well overlapped with each other, especially for the low entropy part. Also
we can see for the high entropy region, the generated curve is not overlapped well with the natural
ones, showing the diversity of our generated sequences. We then plot the amino acid distributions
at the motif positions for both natural and generated sequences. As shown in Figure 6.6 (Right),
the distributions between natural and generated are almost identical at every motif position, which

demonstrate that our model indeed learns the intrinsic relationship within the natural sequences.
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Figure 6.7: The tSNE plot of natural, generated and control sets.

Then, we investigate whether our generated sequences can expand the natural sequence space.
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To set a control set, we also sample the same amount of sequences outside of the clan of the target
family. Then for each set of sequences (Natural, Generated and Control), we did clustering through
70% cutoff through MMSeq2. We then calculate the pairwise distance among each cluster head
through Clustal Omega. We plot the tSNE figures of these cluster heads as shown in Figure 6.7.
It can be clearly seen that 1) our generated sequences are overlapped with the natural sequences,
while the control sequences are almost exclusive with both natural and generated ones and 2) the
generated sequences are obviously more diverse and cover more space compared to the natural
sequences. Therefore, we can claim that our generated sequences could expand the functional

space of natural sequences while preserving the biological constraints within such family.
6.5 Conclusion

In this chapter, we investigate the inverse function-to-sequence relationship by studying design-
ing functional protein sequences and predicting the effect of sequence variants. To achieve this, we
first propose a novel graph embedding method for embedding the Gene Ontology graph using both
node description information and graph topology. We then propose a conditional autoregressive
model for broadly learning the relationship between protein functions and protein sequences. We
first assess our model in mutational effect prediction. By fine-tuning on the dataset within each
protein family, our model can beat the state-of-the-art alignment-free method on 35 out of 40 pro-
teins. We then assess the generated sequences of our fine-tuned model on a specific DNA binding
domain. We found our model can not only generate natural-like, functional-relevant sequences, but
also generate more diverse sequences than the natural ones, so that, our model shows the potential
of expanding the existing sequence space for a given functions within the the allowed biological

constraints of such functions.
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7. Conclusion and Future Work

In this thesis, we mainly focus on answering this question: To what extent can machine learn-
ing uncover the protein sequence-structure-function relationships? To answer the question, we
focus on the optimization and scoring in protein docking (Chapter 2-4) and modelling the protein
sequence—function relationships (Chapter 5-6). We also investigate the extension of our algorithms
into meta-learning for solving a broader range of optimization problems (Chapter 3).

As a result, we propose Bayesian Active Learning (BAL) for optimization and uncertainty
quantification in protein docking, Energy-based Graph Convolutional Networks (EGCN) for scor-
ing protein docking models, Transformer-based protein function Annotation with joint Sequence-
Label embedding (TALE) for predicting protein functions and conditional autoregressive gener-
ative model with graph ontology embedding for functional protein design and mutational effect
prediction. We also generalize BAL into meta-learning and propose LOIS, a meta-learner for
automatically solving general optimization problems. Our results show that those models signif-
icantly outperform the competing models or even the state-of-the art methods. They demonstrate
that machine learning can actually be a powerful tool for uncovering the protein mechanisms to
some extent, and such a tool could be generalised to other fields.

However, our results also show that there is still a decent space for future improvement. Look-

ing ahead, we hereby list several potential directions for improvement :

* The parameterization of protein docking search space is highly approximate, which is ob-
tained by modelling the internal energy as the Hooke’s potential. Such parameterization may
not represent the real rigid-body motion and the conformational change when two proteins
encounter with each other. Instead, we can learn the representation of protein motions during
its interaction with other proteins, through a large corpus of MD or NMA simulations. Such
learned representation could better capture the direction and extension of protein position

and conformational changes.
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* Inspired from AlphaFold2 [128], another promising direction for protein docking is through
end-to-end training. One could integrate parameterization, scoring and optimization together
in one model, with protein sequences or homology structures as input and the predicted com-
plex structures as the output. Similarly, one can use Multiple Sequence Alignment (MSA)

and contact prediction as additional data to combine them with attention mechanisms.

* Both BAL and LOIS consider the uncertainty within the data and the models while doing
optimization, However, no attention was ever paid to the uncertainty arising from the opti-
mizer that is directly responsible for deriving the end solutions with given data and models.
The optimizer is usually pre-defined and fixed in the optimization algorithm space. The un-
certainty in the optimizer is intrinsically defined over the optimizer space and important to
the optimization and UQ solutions. However, such uncertainty is unwittingly ignored when
the optimizer is treated as a fixed sample in the space. Therefore, a potential direction is to
quantify this new form of uncertainty, that lies in the optimization algorithm (optimizer), be-
sides the classical data- or model- based uncertainties (also known as epistemic and aleatoric

uncertainties).

» Utilizing information other than sequences could be another direction for the future work
of protein function prediction. Many proteins have available information like structures and
networks that could significantly boost the performance. To integrate those information with
sequences through joint embedding learning is a promising direction for protein function

prediction.

* Although our Func2Seq model is demonstrated to have the ability to design functional se-
quences, such functions are still seen in our training set or in the nature. An ambitious goal
is to design protein sequences with novel functions that have never been seen in the nature,

which could result in huge impact for biomedical and pharmaceutical applications.

In a broader view, the fields of artificial intelligence and biological science have often devel-

oped their own specific methods and approaches historically. But in the past few decades, they
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have witnessed significantly growing interests in applying artificial intelligence technology to bi-
ological problems. Whether Al could reshape the whole biological world, like it did for images,
languages and games, is still a question. Our BAL, EGCN and TALE, like the recent breakthrough
from DeepMind for protein structure prediction are advancing to give a positive answer.

On one hand, we believe that biology will continue being impacted by Al. Some grand bio-
logical problems will be eventually solved with the help of Al On the other hand, we also believe
that AI will benefit a lot from biology. Biology provides a huge amount of data with diverse types,
representations and challenges. Those data will motivate the invention for new Al technology, and
our LOIS is one of the examples. In the future, we believe there will be a trend of developing novel

Al technology specially for biology and such trend will eventually lead Al to a new era.
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APPENDIX A

BAL’ THEORY

We first theoretically and empirically compare our Bayesian active learning (BAL) to [36]
(NCPD for Nonparametric Conjugate Prior Distribution) that also models the posterior of the
global optimum directly. During the comparison, we establish BAL’s advantages in theory, namely
(1) the annealing schedule balancing exploration and exploitation is aware of the global uncertainty
and dependent on dimensionality of the search space; and (2) the Kriging regressor is consistent
and unbiased. We also establish BAL’s advantage in practice through empirical comparison over

test functions.

A.1 Unlike NCPD, BAL’s annealing schedule is global uncertainty-aware and dimension-

dependent

In Nonparametric Conjugate Prior Distribution, the temperature constant p was estimated pro-

portional to the effective number of data points:

pxeep = po(§ + S, K(xnxj))

where p, is the initial value for p, and € is the effective number of data points in the prior

2o 2y K(wisxy) to become the

effective number of sample points. The rational is that the effective number of samples somehow

distribution and 7 is the number of data points, which is penalized by

measures the uncertainty in the system.

However, as our problem has a constraint for the search space, only considering the pairwise

distance between samples is obviously insufficient. The location of samples in the search space

also contributes to the global uncertainty in the system. Considering the two cases in Fig. A.la and

Fig. A.1b. Here we have three data points which have the exact same pairwise distance between
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each other. The figure shows the standard deviation within the square search space. Obviously, the
second situation has more uncertainties than the first one because the points in the second figure
are closer to the boundary, which makes the large region of the right bottom untouched and high
variance. But the p used in NPCD remains the same for both cases.

In contrast, the p in our BAL is defined as

TFal-

)

PBAL = P0 ° eXp((hg(ffl))il”

Here we use hz(ffl), the continuous entropy for the latest posterior distribution p, which is a global
measure of uncertainty. In other words, we consider not only the internal structure between the
samples but also the location of samples within the search space. Obviously our p for the case in

Fig. A.lais bigger than that for Fig. A.1b, which makes much more sense.

1.05 1.05 "
5 N BAL
0.90 0.90 3.5 ————— NCPD
0.75 0.75
! 3.0
0.60 060 o
0
0.45 045 25 .
-1 0.30 0.30 2.0 e
..
0.15 0.15 .
-2 15
0.00 0.00 2 3 4 5 6 7 8
-2 -1 0 1 2 Dimension
(a) (b) (©)

Figure A.1: (a): The contour plot for the standard deviation within [-2.5,2.5]x[-2.5,2.5] with
three data points at [-1,0], [1,0], [0,1]. (b) The contour plot for the standard deviation within [-
2.5,2.5]%[-2.5,2.5] with three data points at [-2,0], [-2,2], [-1,1]. (c) The p keeps unchanged for
NCPD(red line) as dimension goes higher, while it decreases quickly in BAL (blue line).

Moreover, a good temperature constant should be generalizable for different dimensions. How-
ever, NCPD is bad-generalized for different dimensions. For instance, we remain the same pairwise
distance between any two samples as shown Fig. A.la and then we extends the dimension from 2

to 8. It could be seen in Fig. A.lc. The p in NCPD remains the same while in BAL it decreases
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rapidly as the dimension goes larger. For the same set of data, as the dimension goes higher, the
uncertainty of the system must decrease, which means p must decrease at the same time. There-
fore, compared to NCPD our BAL matches the rationale and could be generalizable for various

dimensions.

Lastly, we found that the p in NCPD decreases as the number of samples increases in some
situations. This is totally controversial to our rational for p. As we are getting more samples, our
knowledge about the system is increasing (not dropping the old samples). In adaptive simulated
annealing, this means our system is getting cooler and cooler as the annealing procedure goes
forward. Therefore, there is a monotonous-positive relationship between p and the number of
samples. However, considering the simple example below, we have two data points x; = [1, 0]
and 2 = [—1,0]. We considered a kernel that K (1, x2) ~ 0 and K (x;, ;) = 1(e.g. RBF kernel

with bandwith [ << 1). The effective number of location for the sample is

S K(er) 2

S K (i wg) 2

tg =2

Then we add the third sample 3 = [—1,0 + €|, where € is a tiny positive number, so that

K(xq,23) ~ 0and K(x1,xs) ~ 1. Then the effective number of location will become:

2illonm) 434

DY > K(zi, z)) )

We have 3 < t5! That means when collecting a new sample x3, the system’s uncertainty is
becoming larger. Although the new sample is located very closed to the old one, it is obviously
controversial to our understanding and rationale for p. The situation for p decreasing frequently
happens when n becomes large, resulting from the new samples having a large chance to be closed
to the old ones. By contrast, in BAL, our p is in positive relation to n and the negative relation
to H, while n is getting larger and H is getting smaller over iterations. Therefore, our p strictly

increased when the system is getting more samples.
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A.2 Unlike NCPD, BAL’s Kriging regressor is unbiased

In this section we prove the regressor used in NCPD is biased. Then we follow [145] and

briefly derive our Kriging results.

A.2.0.1 The regressor in NCPD is biased

We first consider the one-dimensional case, and then extend to multi-dimensional cases. Sup-
pose we have two groups of random variables X;, Y; which are 7.:.d. with joint pdf (probability
distribution function) p(x, y). The mean function f(z) = E[Y|X = z] is the true function that we

want to predict. Suppose the marginal pdf of X has the form

The estimator in NCPD for f(z) is

Fla) = S K52 + Kol@) = o(a)
S K (B + k()

For a given x;, the random variable y; can be written as

v = fz;) + 6

where ¢; is a zero-mean noise. In our case, it could be regarded as the system error and the

difference between our supposed energy function and the true energy function.

Therefore, we have

n n

DK (= Y K flan) + 3 K (e,

=1 =1
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add prior function to both sides, and divide them by " | K(*5%) + ko(z), we reach

Z?:1 K(%)yz + ko(z) * yo() _ Z?:1 K(%)f(%) + Z?:1 K(m_hxi)ei + ko(z) * yo()
2o K(555) + ko(x) > i1 K(555) + ko(z)

~

Note that the left side is just f(x). So we have

> 2oima K(55) f (i) + 250 K(55%)ei + ko(@) * yo(x)
fla) = fla) = SR etk - f(@)
>im K(55%) + ko(2)
Multiply both the nominator and the denominator by n—lh, we have
n _an e KO f (@) + 55 20 K(552)e + opko(@) * yo()
i 2t KO555) + oko()
Note the the first term in the denominator is the kernel density estimator for p(x)
) = =30 k()
p\x) = —
nh < h
We can rewrite the whole equation
) f(a) = an i KO () — f(@) + 77 ) K(57)ei + k(@) * (o(x) — f (@)
p(x) + pko(z)
Define

xr —

1 u €T;
m2(I)IEZK( . )€i
=1

We can simplify the equation above as
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o my(w) N ma(z) N 1 ko(x) * (yo(z) = f(x))
plx) + n—lhko(x) plx) + %ko(x) nh  p(z) + #ko(x)

By fixing z, we start to analyze each term in the right side of the equation.

(1) We start with the simplest term among the three, the second term. We first calculate the expec-
tation and variance of my(z).
Since we know E[¢;| X;] =0

Then

Bma()] = Fau B 37 K )el] = 0] = 0

Because (X}, Y;) are i.i.d, we have

1 <& T — T 1 9, T — Ti\ o
Varlbma(o)] = g Do Varli (el = LBl e
Define 0%(z) = E[e?| X;]. We have
1 —x; 1 T —
— —E K2 1 2 - K2 ? 2 ; ; ;
Varlma(e)] = - B0 @) = o [ 10w pla)ds
By setting u = =%, we have
Var[ms(x h/K2 >(hu + z)p(hu + z)du
n

We use Taylor expansion for o2(hu + z) and p(hu + x) up to o(h), and get

Var[ms(z /K2 )du+0(711)
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Define 1 = [ K?(u)du. We obtain

Varlmy ()] = —————= +o(~)

By applying Central Limit Theorem, we get the asymptotic result for ms(x)

lim Vinhimy(z) —sq N(0, po?(x)p(z))

(2) Second, we work on the first term and calculate the expectation and variance of m;(z).

Because X;s are i.i.d, we have

() = ) = [ EEG) - Sl

1) = / K (u)(f(hu + ) — f(@))p(hu + 2)du

Similar to the work above, we expand (f(hu + x) — f(z)) and p(hu + z) up to o(h?), and

obtain

D)= [ Kus @)+ 55 @) ) + b 0 + o)

= hf (x /K (w)udu + h2(f (x)p (z) + 1f” /K Jutdu + o(h?)

Let ko = [ K(u)u*du. Since [ K (u)udu = 0, we have
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h2
Varlm (@) = o)
Therefore, we have
lim V(i () — Bl f (@5 (2) + 3 (2)p(2) — 0
nh—oo

The kernel density estimator p(z) has the property

lim p(z) —, p(z)
nh— o0

By using Slutsky’s theorem, and let B(z) = f'(2)p (z)p~'(z) + 1 f" (), we get

_ my(z) ma(x) Rk Bl = T Vo mq(z) + ma(x)
n}lgéom(ﬁ(xHﬁko(x)+ﬁ(x)+$ko(w) B n’};i%o\/_h( p(z) )
po®(z)
N0

-~

(3) Third, we calculate the last term in f(z) — f(x). Note that p(z) is the only part including

. 1 ko(@)*(yo(x)—f(z))
random variables of PR p(e)+ 2 ko(a)

. So we can easily conclude

ko(x) * (yo(x) — f(x)) ko(@) * (yo(x) — f())

T p(z)

lim -
=0 pla) + oypko(x)

nh—o00

so that
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: 1 ko(z) * (yo(z) — f(x))
lim Vnh(o7 @) + Lho(x)

nh—oo

Therefore, in summary, we obtain

lim \/%(f(l’) o f(i(]) i hQIiQB(ZE)) — sy N(O, /Laz(x))
r=} o)

It is easy to extend the result to multi-variable cases: For d dimensions, we have

vV < do2(x
Jim, /THIF) = ) = k2 3 R Bi(6) —a N(0, 2780
n|H|—o0 i1

where H is the bandwidth matrix. In the Gaussian kernel, it is the covariance matrix.

In total, we have proved that the regressor in NCPD is biased and converges to the normal dis-

tribution with mean equal to ko Zij h?B;(x).
A.3 Derivation of BAL’s Kriging regressor

We briefly derive the Kriging regressor following [40]. Let F'(x) be a random function with
mean equal to f(x), and {x;, y;}"_, be our observed data with a noise e. We are trying to find an

unbiased linear estimator f(z) = > Ai(x)y; for f(a) with the smallest variance:

Minimize Var|(f(z) — F(x))?]

Subject to E[f(x)] = E[F(z)]

We define the covariance between f(x;) and f(a2) as cov(xy, xy) = k(xy, x;). Therefore,

we have cov(yy,y2) = k(x1, x2) + 2. We then expand our objective function as
Var((f(x) — F(z))?] = k(x, ) + A(k(z)T (K + €A (z) — 2X(z) Tk

where K is the covariance matrix with [K,];; = k(x;, x;); k(x) is the covariance vector between
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x and Ty, 9, ..., T, and A(x) is the vector of A\i(x), Ao(x), ..., \p ().

In [145], it assumes that f(x) consists of a linear combination of finite low-degree functions:

l
flz) = Z Bifi(x)

where the coefficient vector 3 is unknown. Then we could expand the unbiased constraint as:
l n l
DO 8@ filwy) =D Bifi(w)
i i
Because the above equation should hold for any arbitrary 3, we obtain:
l

Z)\j(m)fi(a:j) = fi(x) for all i

J

fi(z1) fi(z2)

We write it into the matrix form: GA\(x) = f, where G, = fol@1) fomy) ...|»and fis the

vector of f1(x), fo(x), ....

We let « be the vector of the Lagrangian multiplier and write the Lagrangian formula:
LX(x),7) = k(z, z) + Ax)" (K + DA (x) — 2X () k(x) + 297 (G (z) — f)

We take the partial derivatives with respect to A(x) and ~ and let them equal to O:

oL 9 T
@) =2(K+eDA\(x) —2k(x) +2G v =0
oL

The above two equations form the general linear system for Kriging. In practice, we usually

assume a prior estimator fo(x) for f(x). We thus shift the mean away to consider a zero-mean
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case:

P(x) = F(z) — f(z) = F(z) - fo(z)

We solve the linear system for P(x). As the mean of P(x) equal to 0, the matrix G is a zero
matrix. It is straightforward to get: A(x) = (K + ¢2I)"'k(x). Remember the observed y; for

P(x) should be also shifted by fy(x;). Therefore, we get the estimator for E[P(x)]:

pz) = k(@) (K + 7y — fo)

where y and fo are the vector of y;,ys, ..., y, and fo(x1), fo(x2), ..., fo(x,), respectively. We

finally add the prior back to the equation, and get our final estimator for f(x):

f(@) = k(@) (K + 1)y — fo) + fo(@)

So far we have proved the regressor used in NCPD is biased and then derived our Kriging
regressor. The unbiased property of Kriging regressor could let the estimated function capture the
location of the optimal funnel more accurate. Moreover, if the variogram is known, the expected
square error of the kriging regressor is no greater than that of the NPR estimator [146]. Lastly,
NCPD regressor suffers mostly from its high biasness at the boundary of the search space, because
of the asymmetry of the kernel weights in such regions. This will cause the posterior may still
remain a high probability value at the boundary, while the probability values of the outside regions

are regarded as 0.
A.4 Empirical Comparison

In order to be more rigorous, we put the empirical comparison between the NCPD and BAL
here. We use the same testing functions as in the main text and the same method for posterior
analysis to get the optimization and uncertainty quantification results. For the optimization, in
Table A.1, our BAL outperforms NCPD for every test function with every tested dimensionality.

For UQ, in Table A.2, the tightness of BAL is much lower then NCPD. At the same time, in

135



NCPD BAL
Dimension 2 6 12 2 6 12
Rastrigin 1.04(0.36) 1.96(0.34) 5.35(1.23) | 0.84(0.05) 1.83(0.11) 3.58(0.87)
Rosenbrock | 0.78(0.73) 1.96(0.86) 4.00(0.56) | 0.23(0.19) 1.43(0.75) 2.25(0.21)
Griewank 2.73(0.51) 4.45(1.05) 6.01(2.24) | 1.65(1.42) 4.35(1.01) 4.11(1.28)
Ackley 0.33(0.31) 0.91(0.25) 2.63(0.31) | 0.26(0.14) 0.69(0.23) 1.69(0.11)

Table A.1: The means and the standard deviations (in the parenthesis) of || — x*||, for four test

functions on three dimensions.

NCPD BAL

Dim d por T d por T
4% Rastrigin | 1.84(1.03) 0.78 0.78(0.23) | 1.37(1.18) 0.91 0.54(0.13)
Rosenbrock | 1.31(0.32) 0.89 0.57(0.15) | 0.63(0.14) 0.98 0.55(0.06)
Griewank | 3.91(1.88) 0.80 0.65(0.22) | 2.85(1.45) 0.86 0.62(0.20)
Ackley 0.51(0.17) 0.99 0.53(0.21) | 0.41(0.20) 0.99 0.43(0.02)
4*6 Rastrigin | 2.68(1.54) 0.72 0.33(0.12) | 2.25(1.02) 091 0.22(0.11)
Rosenbrock | 3.04(1.98) 0.90 0.51(0.16) | 2.16(1.43) 0.92 0.50(0.25)
Griewank | 5.21(0.87) 0.68 0.14(0.03) | 4.53(0.78) 0.76 0.04(0.02)
Ackley 1.13(0.22) 0.89 0.33(0.30) | 0.77(0.34) 0.96 0.20(0.08)
4*12 | Rastrigin | 6.53(1.98) 0.70 0.23(0.11) | 3.62(0.36) 0.73 0.01(0.01)
Rosenbrock | 4.50(1.30) 0.83 0.12(0.10) | 2.22(1.18) 0.87 0.03(0.01)
Griewank | 7.05(2.23) 0.67 0.11(0.03) | 4.25(1.01) 0.63 0.05(0.03)
Ackley 4.89(1.64) 095 0.88(0.69) | 2.89(0.49) 0.93 0.66(0.23)

Table A.2: Uncertainty Quantification for the test functions.

majority of the cases, the portion of BAL is closer to 0.9. This means we have more tighter
confidence interval but the accuracy of the interval is increasing at the same time. This is because
our p captured the global uncertainty in the system and is also dimensional independent, and we
use a mini-batch sampling which could not only explore more on the search space, but also make

the data more i.i.d. which will benefit the convergence of the regressor.
A.5 Summary

We compare the posteriors of NCPD and our BAL from both theoretical and empirical prospec-

tives. We claim three drawbacks of the p in NCPD and how our BAL overcomes it. We shows
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the regressor we used is the best linear unbiased regressor. The empirical results show our method

outperforms theirs in both optimization and uncertainty quantification.
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